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Abstract. Complex-valued Gaussian primitives have recently been ex-
plored for representing holographic radiance �elds in 3D novel view syn-
thesis. In this work, we extend this line of research to the hologram
optimization domain and propose a structured representation based on
complex-valued 2D Gaussian primitives. Inspired by Gabor's theory,
we show that our primitive attains the minimum space�frequency un-
certainty and reduces the parameter search space by 5:1 compared to
per-pixel parameterization. To enable end-to-end training, we develop a
di�erentiable rasterizer for our representation, integrated with a GPU-
optimized light propagation kernel in free space. Extensive experiments
show that our method reduces VRAM usage by up to 30% and acceler-
ates optimization by 50% over standard autodi�-based implementations,
delivers up to 13 dB higher PSNR than prior Gaussian-based methods,
and achieves up to 3200× faster rendering while maintaining reconstruc-
tion quality on par with existing CGH approaches. For evaluation, we
introduce a conversion procedure that adapts our representation to prac-
tical hologram formats, including smooth and random phase-only holo-
grams. By reducing the hologram parameter search space, our representa-
tion enables a more scalable hologram estimation in the next-generation
computer-generated holography systems.

1 Introduction

Holographic displays are a promising technology for realistic Three-Dimensional
(3D) content presentations [33]. Unlike natural images, which record only light
intensity, holograms capture intensity, interference, and di�raction phenomena.
As shown in Fig 1, compared to natural images, holograms exhibit markedly dif-
ferent spatial characteristics. Therefore, a key challenge in Computer-Generated
Holography (CGH) is to design compact and e�cient representations that pre-
serve high-frequency details of holograms while being scalable [56,63].

Conventional image representation methods, such as Implicit Neural Repre-
sentation (INR) [45,49,57], optimize a continuous implicit function to represent
an image. However, implicit functions generally favor continuous low-frequency
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data, making it di�cult to capture the high-frequency details typical of holo-
grams. In parallel, autoencoder-based approaches [7, 46, 58, 62], typically pre-
trained on natural images, rely on learned priors that do not readily generalize
to hologram structures, hinting a need for hologram speci�c adaptations. Addi-
tionally, emerging Gaussian-based image representations [69,74,75] have recently
been proposed for natural image modeling. While e�ective for natural images,
these methods directly encode hologram pixels without modeling interference
and di�raction phenomena, leaving room for more specialized hologram repre-
sentations and better reconstruction quality.

More recently, Gaussian primitives have also been adopted in CGH for 3D
novel view synthesis [12, 14, 71]. In this work, we extend this line of research to
further discover the potential of Gaussians in the hologram optimization domain.

Fig. 1: Comparison between a natural im-
age and di�erent hologram formats. Unlike
the smoother pixels in natural images, holo-
grams produce dense high-frequency and
random spatial variations that are challeng-
ing to represent (Source Image: [1]).

Instead of modeling a 3D scene from
multi-view images, we focus on rep-
resenting a single hologram through
complex-valued 2D Gaussian primi-
tives for e�cient and scalable hologram
estimation. Inspired by Gabor's the-
ory [21], we show that our primitive
attains the minimum space�frequency
uncertainty, making it the compact and
e�cient primitive for hologram repre-
sentation. To enable end-to-end opti-
mization, as the computational back-
bone of our method, we develop a dif-
ferentiable rasterizer for complex-valued 2D Gaussians, integrated with a GPU-
optimized light propagation kernel, enabling e�cient and scalable hologram op-
timization and rendering. Our comprehensive evaluation shows that, our method
reduces the parameter search space by a 5:1 ratio compared to dense per-pixel
parameterization (the conventional hologram optimization setting), decreases
VRAM usage by 30%, and accelerates optimization by 50% compared to stan-
dard autodi�-based developments (PyTorch [43]), while achieving reconstruction
�delity comparable to prior Gaussian-based and CGH methods. Our contribu-
tion is summarized as follows:

� We migrate the complex-valued 3D Gaussians from CGH 3D novel view
synthesis [71] to complex-valued 2D Gaussian prmitives. We show the
e�ective usage of this primitive in hologram optimization by reducing the
parameter search space by 5:1 while preserving reconstruction �delity (de-
grading gracefully up to a 10:1 upper bound).

Additionally, for evaluation purposes, we introduce a conversion procedure that
adapts our complex-valued 2D Gaussian representation to practical hologram
formats, including Smooth Phase-only Hologram (POH) via double-phase cod-
ing [26] and Random POH via structural guided phase optimization. We hope
this work demonstrates the broader potential of Gaussian primitives in CGH and
encourages further investigation into compact, scalable hologram optimization
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frameworks. For readers less familiar with the underlying principles of CGH, we
present the essential concepts in Sec. 2.2. Our code is available at [70].

2 Related Work

2.1 Gaussian and Learned Image Formation

Recent advances in natural image representation have explored compact alterna-
tives to dense pixel-wise parameterizations. Autoencoder-based methods [7, 46,
62] and INRs [36,49,50,57] map natural images into latent spaces or continuous
functional representations, enabling structured compression but often favoring
smooth, low-frequency content. More recently, building on 3D Gaussian Splat-
ting (3DGS) and its variants [22,32,39,64], several works have extended Gaussian
primitives from neural rendering to natural image encoding [69,74,75], leverag-
ing 2D Gaussians for e�cient image rendering and compression. While these
Gaussian-based methods show promising results on representing natural images,
they do not model interference and di�raction phenomena, and are therefore
not directly suited for hologram representation. In this paper, we explore and
propose complex-valued 2D Gaussian primitives as a hologram representation
that explicitly integrates light propagation during optimization, targeting both
parameter search space reduction and high-quality hologram reconstruction.

2.2 Preliminary Concepts: CGH

Fig. 2: (Simulated) Smooth hologram shows high
quality at the pupil center but degrade severely with
pupil shifts, whereas random hologram remains vis-
ible (Source Image: [60]).

CGH is a computational
imaging task that performs
wave-based rendering, synthe-
sizing holograms to recon-
struct 3D scenes for holo-
graphic displays, where the dis-
play is typically implemented
as Spatial Light Modulator
(SLM) as the programmable
wavefront device. Unlike natu-
ral images that capture only smooth, low-frequency intensity variations, a holo-
gram simultaneously encodes light's intensity, interference, and di�raction. As
shown in Fig 1, this wave-optical data format manifests as dense, high-frequency,
and random-valued structures that challenge conventional image representations.
Holographic data can be represented as a complex hologram: H = A exp(jφ)
with amplitude A and phase φ, requiring specialized modulators; or as a phase-
only hologram: HPOH = exp(jφ), compatible with commercial holographic dis-
plays. POH variants include Smooth POH with spatial multiplexed phase [26]
and Random POH with directly optimized phase [51]. For more details of dif-
ferent hologram formats, please refer to Sec. 3.3.
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Fig. 3: Hologram reconstruction
via free-space light propagation
(Source Image: [31]).

Light Propagation. The core of CGH is free-
space propagation based on scalar di�raction
theory [23]. As shown in Fig 3, free-space prop-
agation over a distance d can be expressed as
a 2D convolution of the source �eld U(0) with
the spatial impulse response hd,

  \mathbf {U}(d) = \mathbf {U}(0) * h_d,      (1)

where 0 denotes the source plane at zero dis-
tance. Equivalently, in the frequency domain

  \mathbf {U}(d) = \mathcal {F}^{-1}\!\left \{ H_d(f_x,f_y)\,\mathcal {F}\{\mathbf {U}(0)\}\right \},      (2)

where Hd(fx, fy) = F{hd} is the transfer function [40, 76]. A common choice of
H is the Band-limited Angular Spectrum Method (BLASM)

  H_d(f_x,f_y) = \begin {cases} \exp \!\left (j\,2\pi d \sqrt {\tfrac {1}{\lambda ^2}-r^2}\right ), & r^2 \le \tfrac {1}{\lambda ^2},\\[6pt] 0, & \text {else}, \end {cases}  














 



  



(3)

where r2 = f2x + f2y and λ denotes the working wavelength. In this paper, we
further optimized BLASM kernel to model light propagation, being 50% faster
and 30% VRAM-e�cient than PyTorch development.

2.3 Holographic Representation

Conventional CGH either optimizes per-pixel holograms [11, 29, 30, 34, 52], or
trains neural networks to directly predict hologram pixels [17,44,54,55,72], both
of which yield large solution spaces and hinder scalability. More recently, Gaus-
sian primitives have been introduced to bridge computer graphics and hologra-
phy. Gaussian Wave Splatting (GWS) [14] and Random-phase GWS [12] lever-
age pretrained 2DGS scenes [27] for geometry-aware modeling of interference
and di�raction, while complex-valued holographic radiance �elds [71] demon-
strate that 3D Gaussians can directly represent volumetric holographic scenes.
A concurrent e�ort further applies 2D Gaussians to compress double-phase holo-
grams [20]. In this work, we extend this discovery to the hologram optimization
domain by proposing a complex-valued 2D Gaussian representation that explic-
itly integrates light propagation during optimization, achieving both parameter
search space reduction and competitive reconstruction �delity.

3 Method

Problem De�nition Given a target image Itarget ∈ R
C×H×W and an optional

depth map D ∈ R
H×W , we aim to synthesize a complex 3D hologram H ∈

C
C×H×W whose optical propagation reconstructs Itarget with correct focus and

defocus. For C = 3 (RGB), each channel of H is complex-valued (real and
imaginary parts), equivalently H ∈ R

6×H×W .
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Fig. 4: Overview of our pipeline. Complex-valued 2D Gaussians are rasterized into
a complex hologram (amplitude and phase), which is propagated to multiple depth
planes using optimized light propagation. Reconstructions are compared with RGB+D
derived targets at di�erent focal distances, and we report PSNR, SSIM, and LPIPS.
Here, Light Prop denotes light propagation (Source Image: [31].)

3.1 Complex-Valued 2D Gaussian Primitives

Fig 4 shows the training pipeline of our method. Building on the development of
complex-valued holographic radiance �elds [71], we extend the representation to
de�ne a complex-valued 2D Gaussian primitive for single-hologram optimization.
Whereas [71] models volumetric 3D scenes from multi-view images, our formu-
lation operates on the hologram plane directly, targeting e�cient and scalable
hologram estimation. Each primitive Gn is parameterized as

  \mathcal {G}_n = \{\tilde {\mathbf {x}}_n, \tilde {\mathbf {s}}_n, \theta _n, \mathbf {c}_n, \boldsymbol {\varphi }_n, \tilde {\alpha }_n\},       (4)

where x̃n ∈ R
2 denotes the pre-activation 2D position, s̃n ∈ R

2 the pre-activation
scales, θn ∈ R the in-plane rotation angle, cn ∈ R

C the color amplitudes, α̃n ∈ R

the pre-activation opacity, and φn ∈ R
C the per-channel phase. Naively, a

complex-valued �eld can be represented by pairing two real-valued Gaussians
for the real part and the imaginary part, respectively. This demands 18 param-
eters per primitive pair and two separate renderings, one for each real-valued
Gaussian, resulting in extra computation. By contrast, our formulation has 12
parameters, achieving a 1

3 reduction in parameterization while requiring a single
rendering. We keep the amplitude factored as αncn rather than a single value
(ablated in Suppl Sec. 11). We apply activation functions to enforce valid pa-
rameter ranges (See Suppl Sec. 9.4 for activation formulations). In the following
equations, xn, sn, and αn denote the activated parameters obtained from their
corresponding pre-activation counterparts x̃n, s̃n, and α̃n. The spatial distribu-
tion of the Gaussian is de�ned by a 2D covariance matrixΣn = R(θn)S

2
nR(θn)

⊤,
where R(θn) is the rotation matrix and Sn = diag(sn). The inverse covariance
Σ−1

n is computed analytically (see Suppl Sec. 9.4 for the full covariance calcula-
tion). The contribution of Gn at the pixel coordinate p is

  g_n(\mathbf {p}) = \exp \!\left (-\tfrac {1}{2}(\mathbf {p} - \mathbf {x}_n)^\top \boldsymbol {\Sigma }_n^{-1} (\mathbf {p} - \mathbf {x}_n)\right ),  



 


 



 (5)

and the complex-valued hologram pixel at p is

  \mathbf {H}_n(\mathbf {p}) = \alpha _n \mathbf {c}_n \, g_n(\mathbf {p}) \exp \!\big (j \boldsymbol {\varphi }_n\big ).    






 (6)
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The hologram is formed by the accumulation of all primitives in pixel grid

  \mathbf {H} = \Bigl \{\sum _{n=1}^{N} \mathbf {H}_n(\mathbf {p}) \;\Big |\; \mathbf {p}\in [1,W]\times [1,H]\Bigr \}. 













    



 (7)

Connection to Gabor's Theory. Each pixel on the SLM di�racts light into prop-
agation angles. The Fourier transform of the hologram �eld maps these pixel
values to spatial frequencies, de�ning the reconstructed image. In holography,
we are capturing both spatial (where light originates) and frequency information
(the angles at which it propagates) simultaneously. Gabor's uncertainty princi-
ple [21] states that the more precisely we know one of these properties, the less
precisely we can know the other�a fundamental constraint for all wave-based
systems. For hologram representation, we therefore seek functions that minimize
the joint uncertainty between space and frequency domains. The Gaussian is the
unique function achieving this theoretical minimum bound ∆x∆fx = 1

2 [21].
To illustrate, a rectangular aperture produces a sinc-function Fourier transform
with high-frequency oscillations, whereas a Gaussian aperture yields a Gaus-
sian Fourier transform with minimal space�frequency spread. Our primitive
Hn(p) = αncn gn(p) exp(jφn) is the two-dimensional analogue of Gabor's 1D
elementary signal [21], ψ(x) = exp(−β2(x− x0)

2) · exp(j(2πf0x+ φ)). Since
a 2D Gaussian factorizes along its principal axes, it attains minimum space�
frequency uncertainty in both dimensions, meaning fewer primitives are needed
to faithfully represent a given hologram (validated in Suppl Sec. 12). Note that
high-frequency content in our reconstructed �eld does not arise from variations
within individual primitives, but from the superposition of N primitives at po-
sitions xn and from the frequency-dependent phase applied by BLASM.

3.2 Hologram Reconstruction and Optimization

Naively, we can supervise H with Htarget, however, this approach is insu�cient
in practice. To faithfully represent a hologram, it is essential to explicitly incorpo-
rate light propagation during optimization. Given a hologram �eld U(0) = H,
we simulate free-space propagation using the convolutional methods summa-
rized in Sec. 2.2. Speci�cally, we adopt the BLASM [40] as Hd and compute
U(d) = F−1

{

HBLASM
d (fx, fy)F{U(0)}

}

. To capture depth-dependent e�ects,

we reconstruct U(0) on L uniformly spaced parallel planes Πl
L
l=1 (spacing dis-

tance ∆z, e.g., 2 mm) along the optical axis, centered at propagation distance
d0 (e.g., 5 mm), yielding d1 = d0 −

L−1
2 ∆z, dL = d0 +

L−1
2 ∆z, and the recon-

structed intensity at plane l is Il =
∣

∣U(dl)
∣

∣

2
. Naively, we can directly supervise

I against the target image Î per depth plane l using LMSE = 1
L

∑L
l=1 ∥Il− Îl∥

2,

where Îl denotes the ground-truth multi-plane focal stack images generated by
Kavakl� et al. [30]. To further improve the defocus region`s image quality, we
utilize the reconstruction loss Lrecon by Kavakl� et al. [29], computed as

  \begin {split} \mathcal {L}_{recon} &= \frac {1}{L} \sum _{l=1}^{L} ( \|I_l - \hat {I}_l\|^2 + \|I_l \cdot M_l - \hat {I}_l \cdot M_l\|^2 + \|I_l \cdot \hat {I}_l - \hat {I}_l \cdot \hat {I}_l\|^2 ), \end {split} 









 
     

       
 (8)
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whereMl is the binary mask for depth plane Πl generated from the target image
and its quantized depth. We also employ the SSIM loss, the �nal training loss is
L = Lrecon + λ1 · LSSIM , where λ1 = 0.005.

3.3 POH Conversion Procedure

Our complex-valued 2D Gaussians provide a compact, e�cient hologram repre-
sentation in the complex domain. Although there are prototypes utilizing full
complex holograms [53], the commercial holographic displays are predominantly
Liquid Crystal based phase-only displays that do not support displaying com-
plex holograms directly [6]. To bridge this gap, we design a simple yet e�ective
conversion procedure that adapts our complex representation as structural guid-
ance to di�erent hologram formats, including Smooth POH and Random POH.
Rather than optimizing each device-speci�c format end-to-end, we keep a single
complex representation as a general intermediate convertible to both formats,
decoupling the representation from hardware-speci�c encoding.

Smooth POH. Our hologram is represented as H = α c g · exp(jφ). We em-
ploy Double Phase-Amplitude Coding (DPAC) [26] to convert H into a smooth,
phase-only representation by spatially multiplexing amplitude A = α c g and
phase φ via a checkerboard pattern: φDPAC(i, j) = A(i, j) if (i+ j) is even, and
φ(i, j) if odd. The converted Smooth POH is Hsmooth = exp(jφDPAC).

Random POH. We leverage our complex representation as structural guid-
ance for the Random POH conversion. The Random POH is parameterized as
Hrand = exp(jφrand), where φrand ∈ R

C×H×W denotes learnable randomly-
initialized phase values. Both H and Hrand are propagated through the BLASM
in parallel, obtaining reconstructions at the same depth plane l with Il = |U(dl)|

2

and I
(l)
rand = |Urand(dl)|

2. We jointly optimize the following objectives in both
intensity and complex �eld domains

  \begin {split} \mathcal {L}_{\mathrm {extract}} = \sum _{l=1}^{L} \Big [ &\mathcal {L}_{\mathrm {recon}}(I_l, \hat {I}_l) + \mathcal {L}_{\mathrm {recon}}(I_{\mathrm {rand}}^{(l)}, \hat {I}_l) \\ &+ \lambda _{\mathrm {comp}} \|I_l - I_{\mathrm {rand}}^{(l)}\|^2 + \lambda _{\mathrm {field}} \,\|\mathbf {U}(d_l) - \mathbf {U}_{\mathrm {rand}}(d_l)\|_{1,\mathbb {C}} \Big ], \end {split} 








  





  



  





(9)

where λcomp = 0.1 and λfield = 0.01. Here, | · |1,C is the sum of the L1-norms of
the real and imaginary components.

3.4 E�cient CUDA Rendering and Propagation

We develop our hologram representation pipeline using CUDA, covering both
complex-valued rasterization and light propagation in the Fourier domain.
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Complex-Valued 2D Gaussian Rasterizer. We adapt the tile-based rasterizer
from complex-valued holographic radiance �eld [71] to 2D Gaussians for a single
hologram. Each primitive contributes a complex value instead of a real scalar. The
forward pass decomposes Gaussians into real and imag components via trigono-
metric evaluation. We retain the 16× 16 tile structure with duplicate-with-keys
assignment and radix sorting, but store only per-pixel opacity, recovering inter-
mediate values during the backward pass by division for constant VRAM over-
head. Gradients of amplitude and phase require trigonometric chain rules with
negated sine/cosine terms from the complex exponential derivative. Position, co-
variance, and opacity gradients follow [32] and adapted to 2D screen-space. For
the details of development and derivation, please refer to Suppl Sec. 9.

GPU-optimized Light Propagation. Additionally, as part of the rasterizer, we de-
velop a BLASM kernel that processes spatial frequencies in parallel and evaluates
the transfer function to simulate light propagation e�ectively. Valid frequencies
are multiplied by the transfer function using accelerated trigonometric opera-
tions. The backward pass applies the conjugate transfer function while preserving
bandlimiting, and achieves e�ciency through coalesced read-only cache access.
For the details of development and derivation, please refer to Suppl Sec. 10.

4 Implementation

We initialize N Gaussians by uniformly sampling image-plane positions xrawn ∼
Uniform([0,W ] × [0, H]) and transforming to the unconstrained domain via
x̃initn = atanh(2xrawn /[W,H] − 1). Scales are set to s̃n = log([1.5, 5.0]) pixels,
colors cn sampled from [0, 1], phases φn initialized to zero, and opacity pre-
activations �xed at α̃n = −0.5 (yielding αn ≈ 0.38 post-sigmoid). We optimize
using Adan [66] with empirically-selected, parameter-speci�c learning rates: posi-
tions 10−2 (cosine-annealed to 10−3 [38]), scales 5×10−3, amplitudes and phases
2.5×10−3, opacities 2.5×10−2, and rotations 10−3. Training runs for 2000 steps
on a single NVIDIA RTX 3090 GPU with a 5:1 parameter reduction ratio, with
convergence typically occurring around 1000+ steps (training visualizations in
Suppl Sec. 14). Depth maps are provided by Depth Anything v2 [67] and Mi-
DaS [47]. We adopt wavelengths of 639nm, 532nm, and 473nm for red, green,
and blue channels respectively, with pixel pitch 3.74µm, propagation distance
3mm, and volume depth 4mm, consistent with prior work [2, 54, 55, 72]. Our
experiments use a LASOS MCS4 RGB laser, Jasper JD7714 phase-only SLM
(2400 × 4094, 3.74 µm), and a lens-based optical relay with spatial �ltering.
Reconstructions are recorded by a Point Grey GS3-U3-23S6M-C lensless sensor
mounted on a motorized stage. Hardware details are provided in Suppl Sec. 8.

5 Evaluation
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Fig. 5: Runtime (bar) and VRAM usage
(line) across spatial resolutions for our
method (L = 3), comparing CUDA-based
development with the PyTorch baseline.
Red downward arrows and percentages in-
dicate the VRAM reduction rate.

In this section, we conduct a com-
prehensive evaluation of our method
against baselines. We use the �rst 50
images from DIV2K [61] dataset as the
test set; for each method, training and
evaluation are performed at a resolu-
tion of 3×1024×640 (L = 2). We report
mean PSNR, SSIM, and LPIPS [73],
averaged over both test images and
across planes, together with parame-
ter counts, peak VRAM usage, and
training time. For results of training
progression, varying depth-plane, and
varying propagation distances, please
refer to Suppl Sec. 14, 15, and 16.

5.1 Runtime and Memory Performance

Fig 5 presents the performance results of our kernel; the development detail
is provided in Sec. 3.4. Across all resolutions, our CUDA kernel consistently
reduces VRAM usage by 29�36% and accelerates runtime by 40�50% compared
to the PyTorch developments. Speci�cally, memory savings are 28.9%, 30.7%,
35.6%, and 31.9% at 768 × 512, 1024 × 1024, 1920 × 1080, and 2560 × 1440,
respectively. The runtime gains come primarily from the BLASM components:
the Forward pass is 47�67% faster and the Backward pass is 56�58% faster, while
the rasterization stages remain unchanged. Consequently, the overall step time
is reduced by 39.7%, 42.6%, 47.7%, and 50.1%, with corresponding memory
reductions of 28.9%, 30.7%, 35.6%, and 31.9% at the four resolutions. With
L = 3, our method scales up to a resolution of 3200×1800 (5.8M pixels) without
Out of Memory (OOM), validating the scalability and e�ciency of our method.
Table 1: Quantitative comparison of our method, Gaussian-based and learned repre-
sentation methods. Top 2 metrics are highlighted in orange and yellow (* pretrained).

Method PSNR ↑ SSIM ↑ LPIPS ↓ VRAM Params Time (min)

TAESD* [7] 11.6 0.09 0.79 2.7 G 2.5 M -
MLP [49] 7.5 0.04 0.85 9.9 G 1.0 M 6.9
SIREN [57] 7.6 0.05 0.84 13.1 G 1.0 M 7.8
Image-GS [69] 17.2 0.29 0.70 1.3 G 2.4 M 1.6
Instant-GI [75] 23.5 0.56 0.56 3.4 G 2.8 M 0.9
GI [74] 22.6 0.49 0.59 1.1 G 2.4 M 0.8
Ours 30.7 0.86 0.33 2.2 G 0.8 M 1.4

5.2 Comparison With Representation Methods

Reconstruction Fidelity. Table. 1 compares our method with Gaussian-based
and learned representations for complex hologram modeling. Learned represen-
tations show limited e�ectiveness: MLP [49] and SIREN [57] yield PSNR below
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8 dB and LPIPS around 0.85, while pretrained TAESD [7] reaches 11.6 dB,
suggesting that INR and autoencoder-based methods are not well-suited for
encoding hologram structures. Gaussian-based methods perform substantially
better, with Image-GS [69] achieving 17.2 dB and GI [74] and Instant-GI [75]
reaching 22.6 and 23.5 dB, re�ecting the advantage of explicit representations
for high-frequency hologram content. Our method reports 30.7 dB PSNR, 0.86
SSIM, and 0.33 LPIPS. As shown in Fig 6, prior Gaussian-based methods exhibit
structural distortions and blurred details, while learned approaches introduce
severe artifacts and structural loss; in contrast, our method preserves sharper
reconstructions across near- and far-focus planes.

Fig. 6: Qualitative comparison of simulated reconstructions at near and far focal
planes. Our method uses a 5:1 parameter ratio, while existing Gaussian-based ap-
proaches [69, 74, 75] use equal primitive counts for the two real components of the
complex �eld. GI denotes GaussianImage [74]; Instant-GI uses network-predicted ini-
tialization with variable primitive counts (Source Image: [4, 35]).

E�ciency and Memory Usage. As shown in Table. 1, our method uses 0.8M
parameters, fewer than other Gaussian-based approaches (2.4�2.8M). This is due
to our compact complex-valued 2D Gaussian de�nition that avoids the paired
real/imaginary parameterization. In terms of memory, our method requires 2.2G
VRAM, which is moderate due to the explicit incorporation of light propagation;
Gaussian-based methods that omit propagation use less memory but at the
cost of �delity. Training time remains comparable to Gaussian-based methods
and is considerably shorter than learned approaches. These results suggest that
our representation o�ers a reasonable trade-o� between reconstruction quality,
parameter e�ciency, and computational cost for hologram modeling.

5.3 Comparison With CGH Methods

Table. 2 shows the quantitative results of our method alongside existing CGH
methods for both Smooth and Random POH. Additionally, in Fig 7, we show
the qualitative results in an overview and zoomed-in details. Both Random and
Smooth POH extracted from our complex-valued 2D Gaussians achieve sharp
focus edges and high perceptual quality.
Smooth POH. Our method achieves comparable reconstruction quality to
learned CGH methods (NH3D [17], Tensor V2 [55], and U-Net [72]), with PSNR
of 29.0 dB, while requiring fewer parameters (0.8 M), lower VRAM (2.4 G), and
shorter training time (1.4 min). Since GWS is a novel view synthesis method,
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Table 2: Quantitative comparison across our method, learned CGH and optimization
methods. (* Naive Opt refers to Random POH baseline used in [10, 34, 44, 52]). Our
Smooth POH time covers complex optimization only (POH conversion adds <1 s);
Random POH time includes the conversion.

Method PSNR ↑ SSIM ↑ LPIPS ↓ VRAM Params Time (min) Render (ms)

Smooth POH

NH3D [17] 28.3 0.92 0.31 7.1 G 3.9 M 90 31
TensorV2 [55] 27.1 0.94 0.29 8.7 G 0.1 M 80 48
GWS [15] 28.2 0.76 0.41 2.5 G 1.1 M 5.1 6840
U-Net [72] 27.2 0.91 0.35 6.3 G 2.2 M 100 18
Multi-color [30] 27.9 0.74 0.40 3.2 G 4.0 M 5.3 -
Ours 29.0 0.81 0.38 2.4 G 0.8 M 1.4 2.13

Random POH

Naive Opt* 19.8 0.33 0.60 2.9 G 2.0 M 2.9 -
Wirtinger [9] 25.3 0.47 0.48 3.5 G 2.0 M 2.8 -
Multi-color [30] 20.3 0.35 0.64 3.1 G 4.0 M 3.0 -
Ours 29.4 0.81 0.34 3.4 G 2.0 M 3.8 -

Fig. 7: Comparison of simulated reconstructions at near and far focus using di�erent
optimization and learned CGH methods.Multi-color refers to [30]; U-Net [48] refers to
typical learned CGH networks widely used in [2,13,17,25,37,44,72] (Source Image: [41]).

we extend its development to support single-plane POH rendering. Compared
with GWS [15], our method achieves higher �delity and is substantially faster,
reducing optimization time from 5.1 to 1.4 minutes (3.6×) and render latency
from 6840 to 2.13 ms (∼3200× faster).

Random POH. Existing baselines operate directly on per-pixel phase and yield
limited �delity, with Naive Opt and Multi-color [30] remaining below 21 dB.
Wirtinger Holography [9] reaches 25.3 dB PSNR; our method reports 29.4 dB
PSNR, 0.81 SSIM, and 0.34 LPIPS, corresponding to gains of +4.1 dB PSNR,
+0.34 SSIM, and −0.14 LPIPS over Wirtinger at comparable memory and mod-
est additional training time (3.8 vs. 2.8 min). These results indicate that struc-
tural guidance from complex-valued 2D Gaussians and the POH conversion pro-
cedure is bene�cial for random-valued, per-pixel hologram optimization.
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Fig. 8: Simulated reconstructions with varying Gaussian counts. Labels (e.g., Ours

33k ratio 10:1 ) denote the number of complex 2D Gaussians (33k) and the parameter
reduction ratio compared to dense per-pixel representation (10:1) (Source Image: [59]).

5.4 Ablation Study

Table 3: Comparison of our method under di�erent parameter reduction ratios.

Parameter Reduction Ratio PSNR ↑ SSIM ↑ LPIPS ↓ Render (ms)

Dense Per-pixel 32.3 0.893 0.29 4.02
2:1 31.9 0.891 0.30 2.58
5:1 30.7 0.863 0.33 2.13
10:1 29.4 0.835 0.37 1.72

Parameter Space Reduction. Table. 3 evaluates our method under di�erent
parameter reduction ratios. We adopt 5:1 as the default used in all main ta-
bles, while 10:1 serves as an ablation upper bound rather than a headline claim.
Quality degrades gracefully: PSNR remains highly comparable at 2:1 (31.9) and
declines only moderately to 30.7 and 29.4 at 5:1 and 10:1, while rendering ac-
celerates accordingly. Fig 8 con�rms that reconstructions remain sharp under
aggressive reduction. Consistent with Gabor's theory, our primitive does not
surpass per-pixel quality but retains it most e�ectively as parameters decrease,
making it an e�cient basis for compact hologram representation.
Table 4: Ablation study of POH conversion losses and Gaussian de�nition choices,
evaluated on the test image [3] and [24].

Type Method PSNR ↑ SSIM ↑ LPIPS ↓ Params Render (ms)

Random POH
w/o guidance 19.1 0.37 0.52 2.0 -
with guidance (Ours) 30.6 0.88 0.22 2.0 -

Complex
Naive Paired Gaussians 25.5 0.74 0.47 1.2 20.1
Ours 31.8 0.89 0.31 0.8 2.13

Random POH Conversion Quality. Table. 4 compares our POH conversion
to independently optimized Random POH. With structural guidance and a more
constrained search space, it improves reconstruction quality by +11.5 dB.

Simulation. Fig 9 reports quantitative results in simulation. Our conversion
procedure yields higher-quality reconstructions and, as a side e�ect, appears to
reduce the noise artifacts commonly seen in Random POH methods [19, 30, 34].
The zoomed insets in Fig 9 show reduced noise at both near and far focal planes.
We note that this work focuses on single-view and does not target improved
reconstruction �delity under pupil shift ; the Random POH results are included
only to show that our representation can be used to generate Random POH for
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commercial phase-only holographic display in practice. Additional experimental
results are provided in Suppl Sec. 17.

Experiment. Fig 10 shows experimentally captured results. While the reduc-
tion appears less pronounced than in the simulation due to optical imperfections
and laser speckle, our method still improves visual quality compared with inde-
pendently optimized Random POH.

Fig. 9: Simulated reconstructions of our method and independently optimized Ran-
dom POH at near and far focal planes, using identical training strategies. Insets show
corresponding hologram pixels (Source Image: [3, 24,59]).

Fig. 10: Experimental comparison of reconstructions at near and far focal planes be-
tween our method and independently optimized Random POH (Source Image: [3,41]).

Uni�ed Complex vs. Naive Paired Gaussians. As shown in Table. 4, we
compare our uni�ed complex-valued 2D Gaussians against naive paired real-
valued 2D Gaussians, which model amplitude and phase using two indepen-
dent primitives rendered separately with the standard gsplat [68] pipeline. Our
method achieves higher reconstruction quality (+6.3 dB) with 33% fewer pa-
rameters (12 vs. 9× 2 per pair). As shown in Fig 11, the paired formulation in-
troduces implicit spatial misalignment between amplitude and phase Gaussians,
which distorts the local complex �eld and leads to blurred reconstructions. Our
uni�ed formulation enforces spatial alignment within each primitive, maintain-
ing sharper details across focal planes. The paired approach is also an order of
magnitude slower due to the overhead of two separate rasterization passes. These
results show that the uni�ed complex-valued Gaussian, as Gabor's elementary
signal, is a more e�ective primitive for hologram representation.

6 Discussion

Beyond the core contributions described above, we observe an interesting side
e�ect of our representation in the context of Random POH conversion. As shown
in Fig 9 and Fig 10, our conversion procedure appears to suppress noise artifacts
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Fig. 11: Simulated reconstructions between complex-valued 2D Gaussians and naive
paired real-valued Gaussians. (Source: [24])

in hologram reconstructions. We attribute this behavior to the structured na-
ture of our representation: the complex-valued 2D Gaussians provide a compact,
spatially regularized prior to the hologram �eld, so the subsequent optimization
explores a more constrained parameter search space, which yields cleaner re-
constructions during Random POH conversion. However, the current conversion
procedure remains indirect, relying on a separate Gaussian-guided step. A more
elegant approach would be using our representation to directly render Random
POH, which we consider as a promising future direction.

Our method focuses on improving reconstruction quality at the center of the
eyebox, whereas existing eyebox-expansion approaches [8, 16] target on comple-
mentary objectives rather than serving as direct competitors. In Suppl Sec. 13, we
provide an eyebox-shifting results and spectrum analysis for our random POH.
Additionally, the most pronounced performance gains are observed in pure sim-
ulation, while experimentally captured results show smaller relative margins.
We attribute this gap to several compounding factors: laser speckle introduces
multiplicative noise absent in simulation; 8-bit SLM phase quantization and its
nonlinear response perturb the encoded �eld; and optical misalignment, aberra-
tions, and sensor noise further degrade the capture. As these factors a�ect all
methods alike, they compress the relative quality margins rather than change
the ranking, which also partly explains the reduced noise-suppression bene�t ob-
served on hardware. Therefore, another promising direction for future research
is to extend our method to feedforward, real-time video cases and integrate it
with multiplexing and camera-in-the-loop techniques to further improve the per-
ceptual quality of the reconstructions [10,11,16,42].

7 Conclusion

In this paper, we extend the complex-valued 3D Gaussian formulation introduced
for holographic radiance �elds [71] to the hologram optimization domain. We
propose a novel representation based on complex-valued 2D Gaussian primitives,
each of which acts as Gabor's elementary signal [21] attaining the minimum
space�frequency uncertainty, supported by a di�erentiable rasterizer and GPU-
optimized light propagation. Experiments show that our method enables up
to 10:1 parameter reduction, 50% faster optimization, and 30% lower memory
consumption, with reconstruction �delity comparable to existing methods.
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Supplementary Material: Complex-Valued
2D Gaussian Representation for
Computer-Generated Holography

8 Hardware Prototype

Figure 12 shows the holographic display prototype used in our experiments.
The optical path begins with a laser source (LASOS MCS4) integrating three
individual laser lines. Light emitted from a single-mode �bre is collimated by
a Thorlabs LA1708-A plano-convex lens with a 200 mm focal length. The lin-
early polarized, collimated beam is then directed by a beamsplitter (Thorlabs
BP245B1) onto a phase-only SLM, the Jasper JD7714 (2400 × 4094, 3.74 µm
pixel pitch). The modulated beam passes through a lens pair (Thorlabs LA1908-
A and LB1056-A) with focal lengths of 500 mm and 250 mm, respectively. A
pinhole aperture (Thorlabs SM1D12) is placed at the focal plane of the lenses
for spatial �ltering. Finally, the holographic reconstructions are recorded by a
lensless image sensor (Point Grey GS3-U3-23S6M-C, USB 3.0) mounted on an
X-stage (Thorlabs PT1/M) with a travel range of 0�25 mm and a positioning
precision of 0.01 mm.

Fig. 12: Holographic display prototype (Jasper JD7714) used to evaluate holograms
generated by our model.
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9 Di�erentiable 2D Complex-Valued Gaussian Rendering

This section provides detailed mathematical formulations and gradient deriva-
tions for our 2D Complex-Valued Gaussian Rasterizer.

9.1 Notation

� sx, sy ∈ R
+ - Activated scaling factors for Gaussian in x and y directions

� s̃x, s̃y ∈ R - Pre-activation scale parameters
� θ ∈ R - Rotation angle of the Gaussian ellipse
� x = (x0, x1) ∈ R

2 - Activated 2D mean position
� x̃ = (x̃0, x̃1) ∈ R

2 - Pre-activation mean parameters
� Σ ∈ R

2×2 - 2D covariance matrix
� Σ−1 ∈ R

2×2 - Inverse 2D covariance matrix
� Σ−1

ij - Elements of inverse covariance where i, j ∈ {0, 1}
� dx = x− x0, dy = y − x1 - Distance from pixel to Gaussian center
� cn ∈ R

C - Color/amplitude values for Gaussian n across C channels
� φn ∈ R

C - Phase values for Gaussian n across C channels
� αn ∈ [0, 1] - Activated opacity value for Gaussian n
� α̃n ∈ R - Pre-activation opacity parameter for Gaussian n
� power - Gaussian exponent term (negative half Mahalanobis distance)
� W,H - Image width and height
� ϵs = 0.1 - Scale regularization constant
� ϵc = 0.1 - Covariance regularization constant
� ϵd = 10−10 - Determinant clamping threshold

9.2 Optimization Algorithm

Our optimization algorithm adapts 2D Gaussian primitives for hologram gener-
ation, as summarized in Algorithm 1.

9.3 Tile-Based Rasterizer

Our tile-based rasterizer e�ciently computes complex �elds across the hologram
plane, as detailed in Algorithm 2.

Key features include: (1) parallel tile processing with 16 × 16 blocks, (2)
shared VRAM for batch Gaussian loading, (3) early termination when Gaussian
contribution is negligible (e.g., αe� < 1/255), (4) channel-wise complex accumu-
lation, and (5) improved numerical stability via power clamping.

9.4 Forward Pass

Parameter Activation Functions Mean Position Activation (Tanh-based):

  \mathbf {x} = \left (\frac {\tanh (\tilde {x}_x) + 1}{2} \cdot W, \frac {\tanh (\tilde {x}_y) + 1}{2} \cdot H\right ) 



 




 






(10)
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Algorithm 1 2D Gaussian Hologram Optimization

Require: W,H: hologram resolution
Require: L: number of depth planes
1: M ← InitPositions(N)
2: S,C, α← InitAttributes()
3: φ← InitPhase()
4: θ ← InitRotation()
5: i← 0
6: while not converged do

7: Itarget, D ← GetTarget()
8: Ucomplex ← ComplexRasterize2D(M,S,

θ,C,φ, α)
9: P ← ZeroPad(Ucomplex)
10: {Irecon,l}Ll=1 ← MultiPlanePropagate(P )
11: L ← MultiPlaneLoss({Irecon,l},

Itarget, D)
12: M,S, θ,C,φ, α← Adan(∇L)
13: i← i+ 1
14: end while

Scale Activation (Exponential):

  s_x = \exp (\tilde {s}_x) + \epsilon _s, \quad s_y = \exp (\tilde {s}_y) + \epsilon _s           (11)

Opacity Activation (Sigmoid):

  \alpha _n = \sigma (\tilde {\alpha }_n) = \frac {1}{1 + \exp (-\tilde {\alpha }_n)}   


 
(12)

2D Covariance Matrix Computation The 2D covariance matrix is:

  \Sigma = R \cdot S^2 \cdot R^T + \epsilon _c \cdot \mathbf {I}          (13)

where R =

(

cos θ − sin θ
sin θ cos θ

)

and S2 =

(

s2x 0
0 s2y

)

. Expanding:

  \begin {aligned} \Sigma _{00} &= s_x^2 \cos ^2\theta + s_y^2 \sin ^2\theta + \epsilon _c \\ \Sigma _{01} &= (s_x^2 - s_y^2) \cos \theta \sin \theta \\ \Sigma _{11} &= s_x^2 \sin ^2\theta + s_y^2 \cos ^2\theta + \epsilon _c \end {aligned}   
   

  

       

  
   

  

(14)

2D Covariance Matrix Inversion For 2Ö2 matrix inversion:

  \det (\Sigma ) = \Sigma _{00} \Sigma _{11} - \Sigma _{01}^2   
 (15)

  \Sigma ^{-1} = \frac {1}{\max (\det (\Sigma ), \epsilon _d)} \begin {pmatrix} \Sigma _{11} & -\Sigma _{01} \\ -\Sigma _{01} & \Sigma _{00} \end {pmatrix} 












(16)
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Algorithm 2 2D Complex-Valued Tile-Based Rasterization

Require: W,H: hologram dimensions
Require: M,S, θ: Gaussian positions, scales, rotations
Require: C, α,φ: Amplitudes, opacities, phases
Require: C: number of color channels
1: function ComplexRasterize2D(W,H,M,S, θ,)

C, α,φ
2: Σ ← Compute2DCovariance(S, θ)
3: Σ−1, r ← Invert2DCovariance(Σ)
4: T ← CreateTiles(W,H)
5: I,K ← DuplicateWithKeys(M, r, T )
6: Ks, Is ← SortByKeys(I,K)
7: R ← IdentifyTileRanges(T,Ks)
8: Ureal, Uimag ← InitCanvas(C,W,H)
9: for all Tiles t in T parallel do

10: for all Pixels pix in t parallel do
11: realacc[C], imagacc[C]← 0
12: range ← GetTileRange(R, t)
13: for g in range do
14: dx ← pixx − xg,0, dy ← pixy − xg,1

15: power← −0.5 · (d2xΣ−1
00 +

2dxdyΣ
−1
01 + d2yΣ

−1
11 )

16: G← exp(max(power,−50))
17: αe� ← min(0.99, αg ·G)
18: if αe� < 1/255 then
19: continue

20: end if

21: for c← 0 to C − 1 do
22: scale← cg,c · αe�

23: cosφ, sinφ ← cos(φg,c),
sin(φg,c)

24: realacc[c] += scale · cosφ
25: imagacc[c] += scale · sinφ

26: end for

27: end for

28: for c← 0 to C − 1 do
29: Ureal[c, pix]← realacc[c]
30: Uimag[c, pix]← imagacc[c]
31: end for

32: end for

33: end for

34: return Ureal + j · Uimag

35: end function

Stored as [inv00, inv01, inv11]:

  \begin {aligned} \text {inv}_{00} &= \Sigma _{11} / \det _{\text {safe}} \\ \text {inv}_{01} &= -\Sigma _{01} / \det _{\text {safe}} \\ \text {inv}_{11} &= \Sigma _{00} / \det _{\text {safe}} \end {aligned}   


  


  


(17)
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Gaussian Evaluation For pixel (x, y) and Gaussian n:

  \begin {aligned} \text {mahal\_dist} &= d_x^2 \cdot \text {inv}_{00} + 2 d_x d_y \cdot \text {inv}_{01} \\ &\quad + d_y^2 \cdot \text {inv}_{11} \end {aligned}        

  
(18)

where dx = x− xx, dy = y − xy. With numerical stability:

  \text {power} = \max (-0.5 \cdot \text {mahal\_dist}, -50.0)     (19)

  \mathcal {G}_n(x,y) = \exp (\text {power})     (20)

Complex Field Rendering For each channel c:

  \begin {aligned} \text {real}_c(x,y) &= \sum _n \mathbf {c}_{n,c} \cdot \alpha _n \cdot \mathcal {G}_n(x,y) \cdot \cos (\boldsymbol {\varphi }_{n,c}) \\ \text {imag}_c(x,y) &= \sum _n \mathbf {c}_{n,c} \cdot \alpha _n \cdot \mathcal {G}_n(x,y) \cdot \sin (\boldsymbol {\varphi }_{n,c}) \end {aligned}  




      

 




      
(21)

  U_c(x,y) = \text {real}_c(x,y) + j \cdot \text {imag}_c(x,y)           (22)

9.5 Backward Pass

Gradient Flow Overview For parameter θ̃:

  \frac {\partial \mathcal {L}}{\partial \tilde {\theta }} = \frac {\partial \mathcal {L}}{\partial U} \cdot \frac {\partial U}{\partial \theta } \cdot \frac {\partial \theta }{\partial \tilde {\theta }} 














(23)

Real and imaginary components are accumulated separately but remain coupled
through shared Gaussian parameters.

Detailed Gradient Derivation

1. Gradient for Color/Amplitude cn
For each channel c and Gaussian n:

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial \mathbf {c}_{n,c}} &= \sum _{x,y} \alpha _n \cdot \mathcal {G}_n(x,y) \cdot \Big (\cos (\boldsymbol {\varphi }_{n,c}) \cdot \frac {\partial \mathcal {L}}{\partial \text {real}_c(x,y)} \\ &\quad + \sin (\boldsymbol {\varphi }_{n,c}) \cdot \frac {\partial \mathcal {L}}{\partial \text {imag}_c(x,y)}\Big ) \end {aligned} 








   







 






(24)

where Gn(x, y) = exp(power) with clamping applied.
2. Gradient for Phase φn

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial \boldsymbol {\varphi }_{n,c}} &= \sum _{x,y} \mathbf {c}_{n,c} \cdot \alpha _n \cdot \mathcal {G}_n(x,y) \cdot \Big (-\sin (\boldsymbol {\varphi }_{n,c}) \\ &\quad \cdot \frac {\partial \mathcal {L}}{\partial \text {real}_c(x,y)} + \cos (\boldsymbol {\varphi }_{n,c}) \cdot \frac {\partial \mathcal {L}}{\partial \text {imag}_c(x,y)}\Big ) \end {aligned} 








     








 







(25)
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3. Gradient for Pre-activation Opacity α̃n

First compute gradient w.r.t. activated opacity:

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial \alpha _n} &= \sum _{c,x,y} \mathbf {c}_{n,c} \cdot \mathcal {G}_n(x,y) \cdot \Big (\cos (\boldsymbol {\varphi }_{n,c}) \\ &\quad \cdot \frac {\partial \mathcal {L}}{\partial \text {real}_c(x,y)} + \sin (\boldsymbol {\varphi }_{n,c}) \cdot \frac {\partial \mathcal {L}}{\partial \text {imag}_c(x,y)}\Big ) \end {aligned} 








   








 







(26)

Then apply sigmoid derivative:

  \frac {\partial \mathcal {L}}{\partial \tilde {\alpha }_n} = \frac {\partial \mathcal {L}}{\partial \alpha _n} \cdot \alpha _n \cdot (1 - \alpha _n) 








     (27)

4. Gradient for Pre-activation Mean x̃n

The gradient �ows through: x̃ → x → dx, dy → mahal_dist → power → Gn.
For the Mahalanobis distance:

  \begin {aligned} \frac {\partial \text {mahal\_dist}}{\partial x_x} &= -2(d_x \cdot \text {inv}_{00} + d_y \cdot \text {inv}_{01}) \\ \frac {\partial \text {mahal\_dist}}{\partial x_y} &= -2(d_x \cdot \text {inv}_{01} + d_y \cdot \text {inv}_{11}) \end {aligned} 


      




      

(28)

For the clamped power term:

  \frac {\partial \text {power}}{\partial \text {mahal\_dist}} = \begin {cases} -0.5 & \text {if } \text {power} > -50 \\ 0 & \text {otherwise} \end {cases} 






   


(29)

Tanh activation backward:

  \begin {aligned} \frac {\partial x_x}{\partial \tilde {x}_x} &= \frac {W}{2} \cdot (1 - \tanh ^2(\tilde {x}_x)) \\ \frac {\partial x_y}{\partial \tilde {x}_y} &= \frac {H}{2} \cdot (1 - \tanh ^2(\tilde {x}_y)) \end {aligned} 






 








 

(30)

5. Gradient for Inverse Covariance Elements
The gradient w.r.t. inverse covariance (stored as 3 elements):

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial \text {inv}_{00}} &= \sum _{x,y} \frac {\partial \mathcal {L}}{\partial \mathcal {G}_n} \cdot \mathcal {G}_n \cdot \left (-\frac {1}{2}\right ) \cdot d_x^2 \\ \frac {\partial \mathcal {L}}{\partial \text {inv}_{01}} &= \sum _{x,y} \frac {\partial \mathcal {L}}{\partial \mathcal {G}_n} \cdot \mathcal {G}_n \cdot (-1) \cdot d_x \cdot d_y \\ \frac {\partial \mathcal {L}}{\partial \text {inv}_{11}} &= \sum _{x,y} \frac {\partial \mathcal {L}}{\partial \mathcal {G}_n} \cdot \mathcal {G}_n \cdot \left (-\frac {1}{2}\right ) \cdot d_y^2 \end {aligned} 












 

























      














 












(31)

6. Gradient for Pre-activation Scales s̃x, s̃y
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Through s̃→ s→ Σ → Σ−1 → power:

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial s_x} &= 2s_x \Big (\cos ^2\theta \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{00}} + \cos \theta \sin \theta \\ &\quad \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{01}} + \sin ^2\theta \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{11}}\Big ) \end {aligned} 






 



   





  







(32)

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial s_y} &= 2s_y \Big (\sin ^2\theta \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{00}} - \cos \theta \sin \theta \\ &\quad \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{01}} + \cos ^2\theta \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{11}}\Big ) \end {aligned} 






 



   





  







(33)

Exponential backward:

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial \tilde {s}_x} &= \frac {\partial \mathcal {L}}{\partial s_x} \cdot \exp (\tilde {s}_x) \\ \frac {\partial \mathcal {L}}{\partial \tilde {s}_y} &= \frac {\partial \mathcal {L}}{\partial s_y} \cdot \exp (\tilde {s}_y) \end {aligned} 



















(34)

7. Gradient for Rotation θ

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial \theta } &= 2(s_y^2 - s_x^2) \cos \theta \sin \theta \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{00}} \\ &\quad + (s_x^2 - s_y^2)(\cos ^2\theta - \sin ^2\theta ) \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{01}} \\ &\quad + 2(s_x^2 - s_y^2) \cos \theta \sin \theta \cdot \frac {\partial \mathcal {L}}{\partial \Sigma _{11}} \end {aligned} 
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10 Di�erentiable Light Propagation

This section provides detailed mathematical formulations and gradient deriva-
tions for our BLASM method.

10.1 BLASM Algorithm

Algorithm 3 details the BLASM method used for hologram reconstruction.

10.2 Forward Pass

Spatial Frequency Computation For a hologram of size Nx ×Ny with pixel
pitch ∆x, the spatial frequencies at index (ix, iy) are computed as:

  \begin {aligned} L_x &= N_x \cdot \Delta x, \quad L_y = N_y \cdot \Delta x \\ f_x(i_x) &= \frac {i_x - N_x/2}{L_x} \\ f_y(i_y) &= \frac {i_y - N_y/2}{L_y} \end {aligned}       











(36)

where the zero-frequency component is centered at (Nx/2, Ny/2) following FFT-
shift convention.
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Algorithm 3 Bandlimited Angular Spectrum Method

Require: Ũ(fx, fy, 0): Fourier-domain input �eld
Require: λ: wavelength, d: propagation distance
Require: ∆x: pixel pitch, Nx, Ny: resolution
Require: a: aperture size (optional)
1: function PropagateField(Ũ , λ, d,∆x,Nx, Ny, a)
2: k ← 2π/λ
3: Lx ← Nx ·∆x
4: Ly ← Ny ·∆x
5: Ũout ← InitEmpty(Nx, Ny)
6: for all (ix, iy) in parallel do

7: fx ← (ix −Nx/2)/Lx

8: fy ← (iy −Ny/2)/Ly

9: fmax
x ← 1

λ
√

(2d/Lx)2+1

10: fmax
y ← 1

λ
√

(2d/Ly)2+1

11: if |fx| ≥ fmax
x or |fy| ≥ fmax

y then

12: Ũout[ix, iy]← 0
13: continue

14: end if

15: k2
z ← k2 − (2π)2(f2

x + f2
y )

16: kz ←
{√

k2
z if k2

z > 0

0 otherwise
17: cosϕ, sinϕ ← cos(kzd), sin(kzd)
18: H ← cosϕ +j sinϕ

19: Ũout[ix, iy]← Ũ [ix, iy] ·H
20: end for

21: if a > 0 then
22: for all (ix, iy) in parallel do

23: dx← ix −Nx/2 + 0.5
24: dy ← iy −Ny/2 + 0.5
25: if dx2 + dy2 ≥ a2 then

26: Ũout[ix, iy]← 0
27: end if

28: end for

29: end if

30: return Ũout

31: end function

Bandlimit Computation The maximum spatial frequencies that can propa-
gate without aliasing are computed per-thread:

  \begin {aligned} f_x^{\max } &= \frac {1}{\lambda \sqrt {(2d/L_x)^2 + 1}} \\ f_y^{\max } &= \frac {1}{\lambda \sqrt {(2d/L_y)^2 + 1}} \end {aligned} 







 









 

(37)



28 Y. Zhan et al.

where λ is the wavelength and d is the propagation distance.

Transfer Function Evaluation For spatial frequency (fx, fy), the wave vector
component along propagation direction is:

  k_z^2 = k^2 - (2\pi )^2(f_x^2 + f_y^2)         (38)

where k = 2π/λ is the wave number. The longitudinal wave vector is:

  k_z = \begin {cases} \sqrt {k_z^2} & \text {if } k_z^2 > 0 \\ 0 & \text {otherwise} \end {cases} 





   


(39)

The transfer function is:

  H(f_x, f_y, d) = \begin {cases} e^{jk_z d} & \text {if } |f_x| < f_x^{\max }, |f_y| < f_y^{\max } \\ 0 & \text {otherwise} \end {cases}   



   
   




(40)

The complex exponential is evaluated using:

  e^{jk_z d} = \cos (k_z d) + j\sin (k_z d)       (41)

computed with hardware-accelerated sincosf or sincos functions.

Field Propagation The propagated �eld in Fourier domain is:

  \tilde {U}(f_x, f_y, d) = \tilde {U}(f_x, f_y, 0) \cdot H(f_x, f_y, d)           (42)

For complex multiplication with input Ũin = realin + j · imagin and transfer
function H = cos(kzd) + j sin(kzd):

  \begin {aligned} \text {real}_{\text {out}} &= \text {real}_{\text {in}} \cos (k_z d) - \text {imag}_{\text {in}} \sin (k_z d) \\ \text {imag}_{\text {out}} &= \text {real}_{\text {in}} \sin (k_z d) + \text {imag}_{\text {in}} \cos (k_z d) \end {aligned}     

     
(43)

Aperture Filtering When aperture size a > 0, circular �ltering is applied in
a separate kernel pass:

  \tilde {U}_{\text {out}}(i_x, i_y, d) = \begin {cases} \tilde {U}_{\text {out}}(i_x, i_y, d) & \text {if } (i_x - o_x)^2 + (i_y - o_y)^2 < a^2 \\ 0 & \text {otherwise} \end {cases}   



     
   

 


(44)

where (ox, oy) = (Nx/2− 0.5, Ny/2− 0.5) is the centered o�set.

10.3 Backward Pass

The backward pass computes gradients with respect to the input Fourier �eld
Ũ(fx, fy, 0) given gradients of the output ∂L/∂Ũ(fx, fy, d).



Complex-Valued 2D Gaussians for CGH 29

Complex Conjugate Transfer Function The gradient �ows through the
conjugate transfer function:

  \frac {\partial \mathcal {L}}{\partial \tilde {U}(f_x, f_y, 0)} = \frac {\partial \mathcal {L}}{\partial \tilde {U}(f_x, f_y, d)} \cdot H^*(f_x, f_y, d) 

  




  
   (45)

where H∗(fx, fy, d) = e−jkzd is the conjugate, equivalent to backward propaga-
tion:

  \begin {split} H^*(f_x, f_y, d) &= \cos (-k_z d) + j\sin (-k_z d) \\ &= \cos (k_z d) - j\sin (k_z d) \end {split}       

  
(46)

Gradient Complex Multiplication For input gradients ∂L

∂Ũout

= gradreal+ j ·

gradimag:

  \begin {aligned} \frac {\partial \mathcal {L}}{\partial \text {real}_{\text {in}}} &= \text {grad}_{\text {real}} \cos (-k_z d) - \text {grad}_{\text {imag}} \sin (-k_z d) \\ \frac {\partial \mathcal {L}}{\partial \text {imag}_{\text {in}}} &= \text {grad}_{\text {real}} \sin (-k_z d) + \text {grad}_{\text {imag}} \cos (-k_z d) \end {aligned} 


   




    

(47)

Bandlimiting in Backward Pass The same bandlimiting conditions apply:

  \frac {\partial \mathcal {L}}{\partial \tilde {U}(f_x, f_y, 0)} = \begin {cases} 0 & \text {if } |f_x| \geq f_x^{\max } \text { or } |f_y| \geq f_y^{\max } \\ \text {computed} & \text {otherwise} \end {cases} 

  




   
   




(48)

Gradients only �ow through physically valid propagating modes within the ban-
dlimit.

11 Justi�cation for Amplitude Decomposition

Although the primitive contribution αncngn(p) is a product, the three factors
play distinct roles: gn(p) is a spatial kernel determined by the covariance (a
function of p, not a free parameter); cn ∈ R

C provides the per-channel RGB
amplitude; and αn is a channel-shared opacity bounded to [0, 1] by a sigmoid
for optimization stability, consistent with the standard GaussianImage formula-
tion [74]. Collapsing αn and cn into a single unconstrained amplitude removes
this bounded control and reduces the optimizer's e�ective degrees of freedom.
As shown in Table. 5, the merged variant consistently degrades reconstruction
quality, even when matched in parameter count.

12 Gabor's Theory: A 1D Thought Experiment

To isolate the bene�t of Gabor primitives from the full hologram pipeline, we
conduct a controlled study on a complex-valued 1D signal. At equal parame-
ter budgets, we reconstruct the signal with Gabor atoms versus uniform pixel
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Table 5: Ablation on amplitude decomposition (50 DIV2K images). Merging α and c

into a single amplitude A degrades quality.

Variant Params PSNR ↑ SSIM ↑ LPIPS ↓

Merged (A = α · c) 1.8 M 29.5 0.84 0.40
Merged + matched params 2.0 M 29.5 0.84 0.40
Ours (α, c, g) 2.0 M 30.7 0.86 0.33

samples. As shown in Fig. 13, Gabor atoms consistently achieve higher PSNR
than pixel samples across budgets. This supports our central claim: Gabor's the-
ory does not assert that Gaussians surpass per-pixel quality at full budget, but
that they retain quality most e�ectively as the budget shrinks, owing to their
minimum space�frequency uncertainty.

Fig. 13: Thought experiment on a complex-valued 1D signal: Gabor atoms versus
uniform pixel samples at equal parameter budgets. At matched budgets, Gabor atoms
retain higher PSNR, most notably as the budget shrinks.

13 Eyebox Analysis and Single-Viewpoint Reconstruction

Our method targets high-�delity reconstruction at the center of the eyebox. As
shown in Fig. 14, our Random POH exhibits a uniform energy spectrum than
Smooth POH, similar to typical random POH [30]: at pixel-level, scene structures
stay recognizable. In contrast, the smooth POH from NH3D [17] shows stronger
concentration and sharper peaks. A uniform spectrum alone, however, does
not guarantee a uniform eyebox, it requires explicit supervision across pupil
positions [8,18], so our center-viewpoint objective is complementary to with such
methods. As shown in Fig. 15, once our representation is optimized under pupil-
shift supervision, it reconstructs stably across shifted pupil positions, con�rming
that it extends naturally to the eyebox-expansion setting.

14 Training Steps Visualization

Figure 16 illustrates the training progression of our method, showing simulated
reconstructions near the focal plane along with the corresponding complex holo-
grams and POH visualizations. The image quality becomes stable at around
1000+ steps.
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Fig. 14: Shifting eyebox result and spectrum analysis.

Fig. 15: Pupil-shift reconstructions when our representation is optimized under eyebox
supervision.

15 Di�erent Depth Planes Visualization

Figure 17 illustrates the simulated reconstructions of our method across di�erent
depth planes (L = 1, 2, 3), showing consistent preservation of �ne structures from
near to far focus. The results demonstrate that our representation maintains
image �delity across varying focal depths as re�ected by metrics.

16 Di�erent Propagation Distances Visualization

Figure 18 illustrates simulated reconstructions of our method at varying propa-
gation distances, demonstrating consistent preservation of �ne structural details
from near to far focus. The results indicate that our representation maintains
high image �delity across a wide range of propagation distances and remains
robust even at long distances, such as 50mm, as re�ected by the evaluation
metrics.
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Fig. 16: Comparison of simulated reconstructions at di�erent training stages; for con-
venience of space, only the near focal plane is presented. The corresponding complex-
valued 2D Gaussian hologram and the extracted random and double POH are shown
in parallel. Results at 2000 steps are evaluated using PSNR, SSIM, and LPIPS. (Source
Image: [5])
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Fig. 17: Comparison of simulated reconstructions of our method for di�erent depth
planes. Results are evaluated using PSNR, SSIM, and LPIPS. (Source Image: [65])

Fig. 18: Comparison of simulated reconstructions of our method for di�erent propa-
gation distances, ranging from 2mm to 50mm and the volume depth is 4mm. Results
are evaluated using PSNR, SSIM, and LPIPS. (Source Image: [4, 28])
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17 Extra Experimentally Captured Results

Fig 19, Fig 20, Fig 21, and Fig 22 present experimentally captured results
across �ve distinct scenes at resolution of 3 × 2048 × 1280. Compared to the
independently trained Random POH, our method achieves an e�ective suppres-
sion of noise without relying on additional time-multiplexing [16], wavelength-
multiplexing [34,52], or light-�eld�based methods [33,51], which often costs sub-
stantial memory and computational overhead for better image quality.

Although the captures obtained using Smooth POH also exhibit good image
quality with clear focus and defocus, they su�er from reduced contrast and
brightness relative to Random POH. To partially mitigate this degradation,
a di�erent set of laser powers was applied during acquisition, which, however,
introduces a noticeable shift in the overall color tone compared with the captures
from Random POH.

Fig. 19: Comparison of experimentally captured results of our method with Random
POH, Smooth POH, NH3D [17], and an independently trained Random POH model.
Results are evaluated using PSNR, SSIM, and LPIPS. (Source Image: [4])
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Fig. 20: Comparison of experimentally captured results of our method with Random
POH, Smooth POH, NH3D [17], and an independently trained Random POH model.
Results are evaluated using PSNR, SSIM, and LPIPS. (Source Image: [5])

Fig. 21: Comparison of experimentally captured results of our method with Random
POH, Smooth POH, NH3D [17], and an independently trained Random POH model.
Results are evaluated using PSNR, SSIM, and LPIPS. (Source Image: [41])
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Fig. 22: Comparison of experimentally captured results of our method with Random
POH, Smooth POH, NH3D [17], and an independently trained Random POH model.
Results are evaluated using PSNR, SSIM, and LPIPS. (Source Image: [3])
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