Towards Edge Holography
via Implicit Neural Representation and Compression

Hyunmin Ban

S£3 "

NN Bitstream

o) pr—
, ok
2 %
250 FPS “'(%/
-
—> il

1)

Edge Devices

, Wenbin Zhou

SGD+CNNpropCNN+JPEG2000

, and Yifan Peng

Ours, 16-bit)
19.29 dB

INR+CNNpropCNN ( INR+CNNpropCNN (Ours, QAT)

Fig. 1: The emerging cloud-edge computing mechanism offers great potential for deploying edge holography in the near future. In light
of this trend, our edge computer-generated holography (CGH) exploration employs an implicit neural representation (INR) to compactly
encode hologram data, facilitating efficient compression and fast decoding (left diagram). Further, by integrating camera-calibrated
wave propagation, our framework achieves high-fidelity, unfiltered, 3D holographic displays in experiments (second and third columns),
outperforming state-of-the-art iterative methods in compression. Metrics presented at the corners denote the reconstructed PSNR and
compression rate.

Abstract—Holographic displays offer the promise of realistic 3D visualization for virtual and augmented wearable solutions. Never-
theless, existing computer-generated holography (CGH) methods often struggle with either a high computational burden or limited
display realism. While the emerging cloud-edge computing mechanism can enable the real-time streaming of holograms, classic
image compression techniques struggle to efficiently encode and decode the substantial high-frequency information inherent in
hologram data. In light of these challenges, we present a display-aware and lightweight CGH framework, leveraging implicit neural
representations (INRs) and camera-calibrated wave propagation, to generate and compress high-fidelity phase-only holograms.
Specifically, our approach interprets hologram generation as a continuous function approximation problem, enabling the network, with
reduced parameters, to effectively learn the inherent periodicity and high-frequency components of 2D and 3D hologram data. To
enable efficient deployment, we further incorporate quantization-aware training, followed by entropy coding. Experimental results
evaluated on an unfiltered holographic display prototype demonstrate that the proposed INR-CGH retains image quality comparable to
that of existing optimization-based methods in both 2D and 3D scenarios. In addition, our compact INR representation achieves up
to 11x compression rate with minimal quality degradation and can be further reduced via quantization-aware training. The resulting

model enables >250 fps in decoding speed, paving the way towards edge holography.

Index Terms—CGH, INR, compression, learned propagation.

1 INTRODUCTION

Holographic displays have long been recognized for their potential to
deliver realistic 3D perception in a compact system form factor [7,32],
facilitating various virtual and augmented reality applications [34, 38].
Yet, a critical challenge for the practical deployment of holography
lies in the enduring trade-off between computational load and image
quality [54]. In the current landscape, cloud computing has emerged as
a promising solution to deliver enhanced visual experiences to general
users on edge devices with constrained processing capabilities and lim-
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ited battery life [42], aligning with the advancement of next-generation
holographic wearables [26].

Recent advances in computer-generated holography (CGH) have
led to substantial enhancements in image quality and large etendue
expansion [44], typically through pixel-wise iterative optimization ap-
proaches such as stochastic gradient descent (SGD) [9,49]. Recently, a
vast number of deep neural network models [52,67,68] have also been
utilized. Nonetheless, both methodologies may exhibit challenges when
launched on edge devices within cloud computing environments [7].
While SGD can achieve high-fidelity reconstructions, its iterative pro-
cess is computationally intensive and unsuitable for edge-side decod-
ing. Likewise, although neural networks facilitate real-time hologram
synthesis, their inherent high resolution and large receptive field re-
quirements in CGH can be problematic. Existing network architectures,
notably those based on convolutional neural networks (CNNs), tend
to produce phase holograms with checkerboard artifacts or spurious
fringes [70], necessitating additional optomechanical components to
filter out unwanted light.

It is worth noting that holograms exhibit very distinct statistical
properties compared to natural images, rendering holographic re-
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constructions highly susceptible to distortions in the hologram data.
Consequently, classical lossy codecs tailored for natural images or
videos [46, 71] may prove less effective for compressing holograms.
The conventional sequential processing practice — hologram genera-
tion first and then compression to devices — could be suboptimal in
saving data bandwidth while preserving effective details for holography.
As such, the end-to-end optimization concept has inspired emerging
hologram compression methods [3, 54], realizing significant bitrate re-
duction while maintaining reconstruction quality in simulation. Among
them, DPRC [66] stands out, leveraging a variational autoencoder to
jointly generate and compress phase holograms. The compression
performance of existing methods remains modest, reporting typically
1.3~4.4 bits per pixel (bpp). While effective in simulation, these CNN-
based models still rely on band-limited assumptions, such as Fourier
apertures or optical filtering, to suppress high-frequency artifacts, and
they do not explicitly account for hardware imperfections during gener-
ation and compression.

In parallel, implicit neural representations (INRs) have emerged
as compact, signal-adaptive models that encode high-frequency varia-
tions through global coordinate-based mappings [28, 56, 58], offering
a promising alternative to convolution-based pipelines. In this work,
we explore an INR-empowered CGH framework that can generate
and compress phase-only holograms efficiently while retaining high
reconstruction fidelity (Fig. 1). Unlike traditional CNN architectures,
INRs represent signals as continuous functions over spatial coordinates,
enabling the network to naturally capture high-frequency variations and
periodic structures inherent in holographic data. To the practicality of
our pipeline for real-time decoding, we incorporate a neural compres-
sion framework that combines quantization-aware training and entropy
coding. Consequently, the learned MLP parameters can be stored and
transmitted in a compact format, suitable for embedded hardware se-
tups. Importantly, our experimental results reveal approximately 32 x
compression relative to pixel-wise optimization (e.g., SGD) methods
at comparable visual quality, while decoding holograms at over 250
frames per second. In summary, our technical contributions are:

* We explore INRs for phase-only 3D CGH, demonstrating their
superior capability to capture high-frequency details over classic
CNN-based methods.

e The lightweight nature of our proposed INR pipeline enables
real-time hologram generation on edge devices with limited com-
putational resources.

¢ By integrating quantization-aware training and entropy coding
for the INR parameters, we reduce memory while retaining recon-
struction fidelity, aiming for future deployment.

* We build an unfiltered holographic display prototype and realize
reasonable optical reconstruction fidelity, evidenced by quantita-
tive and visual assessments at multiple depths.

Overview of Limitations.  Although the proposed edge INR-CGH
pipeline delivers real-time decoding and enhanced image quality over
state-of-the-art iterative CGH methods by using lower bit rates, it is
currently demonstrated only in the setting of pre-encoded holographic
video streaming, due to the encoding process not being real-time. Yet,
this pipeline naturally aligns with a cloud-edge computing mechanism,
wherein computationally intensive encoding is performed offline on
powerful cloud servers, while lightweight INR decoding enables real-
time hologram synthesis on resource-constrained edge devices. In
addition, while our reconstructions appear robust under unfiltered opti-
cal configurations, there exist residual color artifacts, particularly for
uniform or low-contrast inputs.

2 RELATED WORK

Neural Network-empowered CGH. Previous works already
show deep neural networks can accelerate the phase-only hologram
generation [30,31,40]. Notably, Peng et al. [49] accounted for the opti-
cal aberrations into the CNN model, thereby enhancing image fidelity
while reducing computational demands compared to iterative counter-
parts. In a similar vein, Shi et al. [52] employed a lightweight ResNet

architecture to generate complex wavefronts, which were subsequently
transformed into phase-only representations via the double phase ampli-
tude encoding technique [59]. While such direct methods are capable
of generating phase-only holograms in near real time on edge devices,
they can be prone to artifacts such as regular stripe or checkerboard
patterns, typically requiring additional physical filtering [53]. Recent
studies have also explored neural rendering paradigms for CGH [12,13],
primarily synthesizing complex-valued holograms and likewise require
a subsequent phase-only conversion, with the assumption of optical
filtering. In contrast, we study an implicit neural representation that
produces phase-only holograms directly and is optimized for unfiltered
conditions.

Implicit Neural Representation. Recent advancements of
INRs [56, 61] have demonstrated significant potential in addressing
limitations inherent in traditional CNN-based approaches. Their re-
cent innovations have further expanded to capture high-frequency and
complex patterns through refined activation functions [41,50] and multi-
scale frameworks [45, 63]. Accordingly, INRs have proven effective
across various domains, including image compression [21], video rep-
resentation [11], 3D scenes [43], underscoring its potential to represent
high-frequency information and complex spatial variations — char-
acteristics essential for precise 3D holographic reconstruction. Most
recently, Choi et al. [16] leveraged INRs to model partially coher-
ent wavefront propagation through waveguides. While these results
indicate the promise of INRs in holography, we explore INRs as a
compact representation of phase-only holograms for compression and
fast edge-side decoding.

Neural Image Compression. Conventional image codecs, in-
cluding JPEG and JPEG2000 [17, 65], rely on hand-crafted transfor-
mations (e.g., discrete cosine transform, wavelet transform), quantiza-
tion, and entropy coding, which limit adaptability and joint optimiza-
tion with modern neural pipelines. Recent neural image compression
advances based on variational autoencoders [2,29, 36] replace hand-
crafted stages with end-to-end learned frameworks, achieving improved
rate-distortion performance. More recent INR-based compression ap-
proaches [8,20,57] overfit compact MLPs to individual images, thereby
reducing decoding overhead compared to large-scale autoencoders.
These models further leverage entropy modeling per image [33, 39]
to optimize compressibility. Although originally designed for natural
images, we explore the applicability of INR-based compression tech-
niques in the holography domain, which poses distinct challenges due
to its phase-only representation nature and rich high-frequency content.

Hologram Compression. The inherently high-frequency,
complex-valued nature of holographic data poses challenges for effi-
cient compression, where traditional image and video codecs struggle
to preserve the subtle phase relationships required for high-fidelity
holographic reconstructions [7, 54]. Neural network-based approaches
have been proposed, leveraging variational autoencoders [66] that
jointly learns to generate and compress holograms in the latent space
and variants extending this for phase hologram video compression [3].
However, these methods typically rely on filtered holography or impose
constraints that compromise reconstruction fidelity in practical display
scenarios. In addition, prior codec-based works have been introduced
to compress complex holograms [35, 51] and object planes [5]. In
contrast, our work explores this problem via INR-based compression
through quantization-aware training and entropy coding, tailored for
unfiltered, phase-only holograms.

Camera-calibrated Wave Propagation. To bridge the gap be-
tween simulation and physical reconstructions caused by hardware
imperfections [26], such as SLM lookup tables (LUTSs) inaccuracies,
optical aberrations, and nonuniform light source, various calibration
techniques are employed. Explicit calibration methods involve captur-
ing the SLM surface while displaying a series of structured patterns, for
instance, uniform phase distributions or checkerboard patterns, so as to
characterize spatial variance of LUTs and/or optical aberrations [53],
which is often a tedious process. Researchers also calibrate the system
in an end-to-end manner. Online calibration involves updating the phase
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Fig. 2: Pipeline overview of our proposed INR-based hologram generation and compression, dubbed INR-CGH for brevity. On the server side,
coordinates are input to the INR model, producing a compact and continuous representation of a phase-only hologram optimized through quantization-
aware training with a camera-calibrated, learned propagation model and the RGBD supervision. INR parameters are subsequently compressed
through quantization and entropy coding for efficient transmission. On the edge side, the compressed INR parameters are decoded and loaded,
enabling rapid direct inference of phase-only holograms, which are then displayed on the spatial light modulator (SLM) for high-fidelity, unfiltered 3D

reconstruction.

patterns using live feedback from a camera, typically achieving high fi-
delity results but requiring calibration for each individual image [10,48].
In contrast, offline calibration focuses on explicitly or implicitly learn-
ing a compensation model [14], using a collection of captured images
on the display, so as to rectify the wave propagation model and improve
generalization. We also leverage a camera-calibrated, learned wave
propagation model, akin to the strategy studied by Choi et al. [15]
and its variant [72]. Such pre-computation addresses hardware mis-
matches in the training stage and thus facilitates real-time decoding on
resource-constrained edge devices.

3 METHOD

The objective of our proposed INR-based CGH framework is to gen-
erate and compress phase-only holograms that reconstruct the target
field at multiple depth planes, as illustrated in Fig. 2. The pipeline
begins with an INR, where an MLP maps coordinates to phase values
on the SLM plane. This phase-only hologram is then propagated to
the target plane via either a wave propagation model, such as the an-
gular spectrum method (ASM), or a camera-calibrated neural network,
which accounts for actual hardware imperfections. Once the MLP is
trained to overfit the phase-only hologram, its weights and biases can
either be retained as an efficient representation or further compressed
via quantization-aware training followed by entropy coding to realize
additional storage and transmission efficiency. We delve into individual
parts below.

3.1 INR for Phase Holograms

We seek to represent a phase-only hologram as a continuous function
¢ (x,y) defined over spatial coordinates through a fully connected neu-
ral network. Specifically, our INR-CGH employs a global optimization
framework, inherently suitable for modeling the Fourier-based propa-
gation inherent in holography. Unlike CNNs, which operate on discrete
pixel grids and optimize phase holograms using local convolution ker-
nels that likely introduce checkerboard artifacts and localized inaccura-
cies, an INR, being a fully connected network, naturally optimizes the
hologram globally, directly aligning with the global Fourier transforms
utilized in standard wave propagation mechanisms like ASM.
Formally, we define our INR, Fy, as a fully connected multilayer
perception (MLP) parameterized by 6, which maps normalized spatial
coordinates (x,y) on the SLM plane to phase values, as follows:

(x7y)»—>¢(x,y):F9(x,y)7 (D

where this Fy involves multiple hidden layers, each performing a non-
linear transformation using variable-periodic activation functions as

introduced by FINER [41]. Given input spatial coordinates hy = [x,y] T,
each hidden layer can be defined as:

yi = Wih; +biand h; = sin(ay (|yi| +1)yi), )

where h; represents the output of the i layer, W; and b; denote its
weights and biases, and @y is a frequency scaling factor. The final layer
outputs the phase at each spatial coordinate ¢ (x,y).

To further improve phase representation quality, we leverage the
spectral adaptivity of FINER activations. This activation function in
Eq. (2) has been shown to enhance high-frequency modeling by adjust-
ing the network’s frequency response. In light of this, we investigate the
optimal state-of-the-art INR representation suitable for our phase-only
hologram generation task, as illustrated in Fig. 3. We observe that the
use of FINER activation function appears to enable comparable recon-
struction quality compared to the conventional sinusoidal activations
(SIREN), without increasing the number of parameters. More detailed
analysis is presented in Sec. 5.3.

3.2 Free-space/Learned Propagation and Loss

The output of the INR, ¢ (x,y), directly modulates the incident coher-

ent wavefront (assuming unit amplitude) as e/ 9(x¥) This modulated
wavefront then undergoes wave propagation using the well-established
angular spectrum method [24] to reconstruct amplitudes at target planes.
The wave propagation can be efficiently modeled using the Fourier
transform as:

Fisu@@y) =7 (7 () H(ffi9), B

where .Z and .% ! denote the forward and inverse Fourier Transforms,
and H(fy, fy) is a transfer function modeling free-space propagation
over distance z. The predicted amplitude apyeq (x,y;2) at the target plane
is described by |f*(¢(x,y))|. The detailed derivation of propagation
could be found in the supplementary material.

To determine the optimal phase ¢(x,y), one can pose the CGH
problem as an optimization task in which the phase hologram is re-
fined to minimize discrepancies between the predicted amplitude and
the ground-truth amplitude ag(x,y;z). In the single-depth case, this
distortion can be quantified using a loss function such as:

L= ||s - aprea (x,¥32) — agi(x,¥:2)|13, 4)

where s is an optimizable scale factor accounting for the power of the
laser. To extend the single-plane phase representation to multi-depth
holograms, we can compute the wave propagation f*(-) at multiple
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Fig. 3: Comparison of simulation results for studied INR-based (SIREN
and FINER) and iterative (e.g., SGD) CGH methods. From top to bot-
tom: phase holograms, reconstructed amplitudes, and corresponding
magnitudes of the Fourier spectrum (log scale). FINER and SGD main-
tain broader spectral coverage and energy in high-frequency regions,
while SIREN shows low-frequency components and exhibits sparse high-
frequency activation. Dashed plots at the bottom indicate representative
regions sampled to visualize the spectral distribution.

planes (z € z1,22,...). In this scenario, each plane z; can include an
in-focus mask M (u,v;z;) specifying regions of interest for holographic
reconstruction. The joint loss function for multi-depth holograms can
be defined as:

2
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k (uw)

Hereby, minimizing .# drives the phase function ¢ (x,y) to reconstruct
accurate amplitudes across multiple depths, selectively emphasizing

each plane’s in-focus region

To address the hardware imperfections (e.g., SLM imperfections
and lens distortions) causing mismatches between ASM simulations
and physical displays, we replace f3q,,(-) with o . .(-), a camera-
calibrated wave propagation network [15]. This learnable model repli-
cates the physical capture process, bridging the simulation-reality gap.
Our INR can then back-propagate through this calibrated model to adapt
and compress the phase hologram ¢ (x,y) in an end-to-end framework,
with least impacts to the display fidelity. Detailed structure and training
strategies of this model are presented in the following implementation
section.

3.3 Implicit Neural Compression

While vanilla MLP-based INRs can be relatively compact, deploying
them in resource-constrained or high-resolution settings can still be
challenging. We opt to extend our overfitted phase hologram represen-
tation network with a lightweight compression pipeline, involving an
effective two-step procedure: quantization followed by entropy coding.
In practice, this can reduce the INR’s size by an order of magnitude or
more, while incurring only a minimal impact on the phase hologram
reconstruction fidelity.

Weight Quantization. Notably, quantizing all weights in the INR
model from 32-bit to 16-bit floating point already yields high perfor-
mance in hologram reconstruction. To further reduce the model size,

we adopt quantization-aware training to minimize accuracy degrada-
tion under lower bit precision. This quantization is informed by the
statistical properties of our INR weights, akin to the theoretical analy-
sis presented in SIREN [56], which demonstrates that repeated linear
projections of sinusoidal inputs yield Gaussian-distributed outputs at
each layer. We observe that the hidden-layer weights in our model em-
pirically exhibit near-zero-centered Gaussian distributions with similar
variance across layers. Accordingly, we apply symmetric uniform quan-
tization without offsets, leveraging a single global scale factor o across
all layers, effectively reducing metadata size and ensuring consistent
quantization behavior. Specifically, this global scale factor is optimized
through the learned step size quantization (LSQ) framework [6,22],
which dynamically adjusts the quantization range during training:

N W; - ~
W, — {clamp(?l),—Zb*l,Zb*l —1],wi —Wixa, (6

where W; denotes the weight matrix of the /™ hidden layer. We quantize
all hidden-layer weights to b bits, and the scale factor « is stored in
32-bit floating-point precision. The remaining parameters, including
input/output weights and all biases, are also kept in 32-bit precision,
since they constitute only a small fraction of the model yet are highly
sensitive to quantization. To handle the non-differentiability of the
rounding operation, we use the straight-through estimator (STE) [4],
which enables gradients to be backpropagated through quantization
during training.

Entropy Coding. Following quantization, we further compress
the model parameters using asymmetric numeral systems (ANS) [19],
which is an efficient entropy coding technique that exploits the symbol
frequency distribution and produces a tightly packed bitstream opti-
mized for storage and transmission. At inference time, the bitstream is
entropy decoded to recover the quantized weights, and then the learned
scale o is used to rescale and approximate float parameters, enabling
efficient storage and transmission of the hologram representation.

4 IMPLEMENTATION DETAILS

Training Details. We train our INR model on the NVIDIA RTX
4090 GPU with the Adam optimizer using a learning rate of 5 x e~*.
Each phase hologram is fitted for 4,000 steps for single depth and 6,000
steps for multiple depths. The network architecture contains 3 layers
with 180 channels for single depth and 172 channels for multiple depth,
due to the GPU memory limit, and the @y factor is set to 30. The biases
of the first layer are initialized uniformly in the range [—35,5] to expand
the range of high-frequency coverage. We use images from DIV2K [1]
for training the camera-calibrated wave propagation model and apply
spatial masking to constrain in-focus regions per depth plane. For multi-
depth hologram training, we propagate the hologram to five depth
planes, uniformly spaced at 0.07 cm intervals, ranging from 10 cm
to 10.28 cm. The wavelengths are set to 639.0 nm (red), 524.9nm
(green), and 445.8 nm (blue), with a pixel pitch of 8 um. All these
configurations are aligned with our experimental setup.

Display Prototype. We have built a benchtop holographic display
prototype to validate our method, as shown in Fig. 4. Synthesized
holograms were displayed on a phase-only SLM (HOLOEYE Pluto
2). In our experiment, the propagation distance is chosen to be around
10.00 cm to achieve substantial modulation capability while avoiding an
increase in system form factor based on prior empirical studies [47,49].
Illumination was provided by an RGB laser source (Fisba ReadyBeam).
The beam was directed through a sequence of optical elements, includ-
ing a collimating lens, a neutral density filter, a linear polarizer, and a
beam splitter. The shaped beam was incident onto the SLM. The modu-
lated wavefronts were reflected, propagated, and transmitted through an
eyepiece (Nikon 50 mm SLR lens) and a lens (Canon 35 mm SLR lens)
before being recorded by a sensor (FLIR Grasshopper 3). The focused
distance was adjusted using an Arduino micro-controller to support
re-focusing on multiple pre-defined planes. At this proof-of-concept
stage, color results are obtained via post-image processing. Detailed
specifications of the devices employed are provided in supplementary
Sec. S3.



Fig. 4: Photograph and schematic diagram of our holographic display
prototype. An Arduino is used to automatically control the focus of the
camera. Note that our experimental setup doesn’t involve any optical
filtering parts that are often placed in-between the eye-piece and the
camera.

Notably, our prototype was implemented without any conventional
optical filter placed along the reconstruction path to largely mitigate
unwanted diffraction orders and ambient artifacts, leading to more chal-
lenging scenarios. Likewise, the wave propagation model was trained
without the inclusion of optical filters. Prior to data acquisition, we cal-
ibrated the SLM’s phase response using standard vortex phase patterns,
with manual voltage tuning to account for severe phase nonlinearity. To
enhance dataset stability, we applied an established homography-based
affine alignment to captured images, greatly correcting for camera-SLM
misalignment and jitter.

CNNpropCNN-based Calibration. The camera-calibrated,
learned wave propagation model is trained by sequentially displaying
phase-only holograms on the SLM and capturing the resulting images
at five target planes with a focus-tunable camera. Our dataset comprises
10,500 phase patterns and 52,500 captured images, derived from
2D images in the DIV2K dataset [1] at various depths, utilizing the
proposed INR-CGH method with ASM as the wave propagator.

Our CNNpropCNN model is operating in the following manner: ini-
tially, an SLM UNet predicts the complex field to address crosstalk and
imperfections on the SLM plane. This complex field is then propagated
to 5 target planes using the ASM. Subsequently, the outputs are fed into
a target UNet to account for optical aberrations, with supervision from
the captured dataset. In particular, each UNet features 2 input/output
channels (real and imaginary components). The first UNet comprises
8 down-/up-sampling layers, starting with 32 channels and doubling
to 512 channels. The second UNet consists of 5 down-/up-sampling
layers, starting with 8 and doubling to 128 channels. Both networks
incorporate instance normalization and utilize Leaky ReLU during
downsampling and ReLU during upsampling.

5 RESULTS AND DISCUSSION
5.1 Implicit Neural Phase Representation

We first evaluate our proposed INR-CGH against the traditional SGD-
based pixel-wise optimization, both integrated with a camera-calibrated,
learned wave propagation model, as illustrated in Fig. 6. Both methods
generate holograms for visually appealing reconstruction. However, dis-
tinct differences emerge when assessing hardware-display performance
without optical filtering. Specifically, our INR-generated holograms
consistently demonstrate high contrast and higher fidelity in optically
captured results, illustrating robustness to high-frequency represen-
tation demands. While the SGD-based method achieves reasonable
fidelity, it requires iterative optimization at the pixel level, frequently
converges to local minima, and is challenging to compress or deploy in
practice. In many cases, its pixel-wise optimization can yield sharper
local details, for example, the house in Fig. 7. This illustrates that even

17
=o= INR + CNNpropCNN (Ours)
=== SGD + CNNpropCNN + JPEG2000
16 =@ SGD + CNNpropCNN + JPEG
)
=
= 15
w
) ./.—f———‘_‘
14 ./_‘
0.0 0.5 1.0 15 2.0 2.5 3.0
Bits per pixel (bpp)

Fig. 5: Rate-distortion comparison on captured holograms employing
three compression pipelines: INR + Model (ours), SGD + Model + JPEG,
and SGD + Model + JPEG2000. The x-axis indicates bits per pixel (bpp),
and the y-axis shows computed PSNR (dB). Each entity is averaged over
10 captured test images (green channel only), selected from the DIV2K
validation set, shown in Supplementary Fig. S2.

Table 1: Per-channel decoding time under various compression schemes.
Our quantized INR-CGH yields efficient runtime suitable for real-time
holographic display applications. JPEG uses quality factors Q = 5—60;
JPEG2000 is configured in PSNR-based mode with target qualities
ranging 18—27 dB. JPEG and JPEG2000 are implemented on the CPU,
while DPRC and Ours are on the GPU.

Method ‘JPEG JPEG2000 DPRC  Ours (INR 6-bit)

66-160 35 4

Decoding Time (ms) | 3-7

though our method achieves higher PSNR values, the metric does not
always fully reflect perceptual quality. In contrast, our INR approach
converges towards a globally coherent phase representation, with faster
inference and requiring significantly less memory.

We next present 3D, aka., RGBD, results in Fig. 7. By lever-
aging the camera-calibrated, learned model, our INR incorporates
hardware-specific propagation characteristics across multiple depth
planes, thereby improving optical reconstruction quality. In partic-
ular, INR-based holograms exhibit fewer artifacts, improved focus
consistency, and reduced background noise across depths spanning
10~10.28 cm. To our best knowledge, we are the first in this do-
main to realize such a systematic integration of hardware-aware, INR-
represented, compressed, fast, 3D hologram generation.

5.2

We validate the efficiency of our INR-CGH in the context of compres-
sion. Specifically, we compare our INR-based, quantization-aware
training framework with holograms generated via SGD [49], which
are then compressed using image codecs, such as JPEG [64] and
JPEG2000 [17].

As shown in Fig. 5, our method achieves higher quality at a signifi-
cantly reduced bitrate. The high-rate endpoint corresponds to a 16-bit
quantized INR model, yielding 0.76 bpp with high visual fidelity. Fur-
ther compression using quantization-aware training (QAT) yields 10-bit
and 6-bit models with approximately 0.48 bpp (16.7 x compression)
and 0.23 bpp (34.7x compression), respectively, both of which outper-
form SGD-based holograms compressed with JPEG or JPEG2000 at
equivalent bitrates.

Conventional codecs explicitly attempt to compress the high-
frequency data inherent in SGD-based holograms, often resulting
in severe reconstruction artifacts even at moderate compression ra-
tios. We also evaluate compressing our INR-generated holograms
with JPEG2000, which exhibits larger degradation than compressing
INR parameters at comparable bitrates. In contrast, our approach im-
plicitly encodes this high-frequency data within the INR parameters,
enabling a compact yet robust representation that achieves much higher
compression ratios. Table 1 highlights the decoding efficiency of our

Implicit Neural Phase Compression
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Fig. 6: Experimental reconstructions of 2D images using various CGH pipelines: SGD w/ ASM propagation, SGD w/ CNNpropCNN, INR w/ ASM,
and INR w/ CNNpropCNN. This figure ablates the phase representation (SGD vs. INR) and the propagation model used during optimization (ASM vs.
CNNpropCNN); the final configuration is INR w/ CNNpropCNN. All results are captured without a 4 f system, akin to all other results in this manuscript.
We present the achieved PSNR in dB and compression rates in bpp at their corners, as well as their corresponding phase-only holograms (green

channel-only) for the second row example to display below.
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Fig. 7: Experimental reconstructions of 3D (RGBD) scenes using various CGH pipelines: SGD w/ ASM propagation, SGD w/ CNNpropCNN, INR
w/ ASM, and INR w/ CNNpropCNN. We perform the same ablation in a 3D setting, varying the phase representation (SGD vs. INR) and the
propagation model used during optimization (ASM vs. CNNpropCNN); the final configuration is INR w/ CNNpropCNN. Zoomed-in patches highlight
the reconstruction at near and far depth planes. We present the corresponding phase-only holograms (green channel-only) below.

framework, where phase holograms can be decoded in 4 ms per frame,
comparable to JPEG decoding speeds with low quality factors, whereas
other baselines are not ready for real-time RGB decoding. Note that
JPEG and JPEG2000 are implemented on the CPU, while DPRC and
Ours are on the RTX 4090 GPU. Qualitative results are visualized in
Fig. 8 and Fig. 9. In the 2D case, our INR-CGH produces cleaner
images with higher contrast and reduced noise, despite operating at
much lower bitrates. For 3D holography, INR-CGH further exhibits
reduced noise across depth planes, particularly in the in-focus regions.

However, under more aggressive quantization, fine details may become
slightly smeared (see, for instance, the bamboo leaves in the cropped
region of Fig. 9), reflecting a trade-off between sharpness and robust-
ness. Refer to the supplementary video for side-by-side comparisons
of experimental results.

5.3 Bells & Whistles

FINER vs. SIREN for CGH. While in the context of INR com-
pression, fixed-frequency sinusoidal activations (e.g., SIREN) are often
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Fig. 8: Experimental reconstructions of 2D images using various compressed CGH pipelines: SGD w/ CNNpropCNN compressed via JPEG,
SGD w/ CNNpropCNN compressed via JPEG2000, INR w/ CNNpropCNN compressed via JPEG2000, INR w/ CNNpropCNN using a 16-bit float
representation, and INR w/ CNNpropCNN and a 6-bit quantization-aware training. We present the corresponding phase-only holograms (green
channel-only) below.
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Fig. 9: Experimental reconstructions of 3D (RGBD) scenes using various compressed CGH pipelines: SGD w/ CNNpropCNN compressed via JPEG,
SGD w/ CNNpropCNN compressed via JPEG2000, INR w/ CNNpropCNN compressed via JPEG2000, INR w/ CNNpropCNN using a 16-bit float
representation, and INR w/ CNNpropCNN and an 8-bit quantization-aware training. Zoomed-in patches highlight the reconstruction at near and far

depth planes. We present the corresponding phase-only holograms (green channel-only) below.

employed to overfit natural images due to their capacity in model-
ing continuous signals with sharp transitions, holographic data pos-
sess unique properties, notably structured high-frequency interference
fringes. To assess the choice of activation functions for our CGH
pipeline, we compare SIREN and FINER activations under identical
training settings with 2,000 iterations. Both networks are trained to
overfit phase-only holograms generated from a subset of the DIV2K
dataset. As illustrated in Fig. 3, the FINER-based INR yields visibly
sharper reconstructions and more spatially coherent phases, i.e., more
“randomly-looking”. Notably, spectral analysis of reconstructions indi-
cates that FINER retains broader frequency content, which are often
acknowledged as critical for holography [37,55, 62] to preserve and
deliver sufficient spectrum in 3D space. In contrast, SIREN exhibits en-
ergy concentration near the DC component and lacks support in higher
spatial frequencies. These preliminary results suggest that FINER’s

adaptive periodicity may facilitate better alignment with CGH.

Comparison with CNN-based Hologram Generation. We com-
pare our INR-based approach against two representative CNN-based
CGH pipelines, HoloNet [49], which directly generates holograms, and
DPRC [66], a joint generation and compression framework. As shown
in Fig. 10, both CNN-based methods perform reasonably well in filtered
simulations; However, their captured results exhibit strong artifacts and
structured distortions without a physical filter. In unfiltered conditions,
both methods experience notable degradation in both simulation and
experiment. In contrast, our INR-CGH consistently maintains perfor-
mance across all scenarios, exhibiting minimal simulation-to-capture
discrepancy while delivering visually coherent results even in an unfil-
tered setup. This implies the robustness of our representation against
optical imperfections and its adaptability to practical display scenarios.
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Fig. 10: Qualitative comparison for neural network-based CGH methods, including HoloNet, DPRC w/o compression, and our INR-CGH, each
evaluated under two conditions: phase-only holograms generated with (top) and without (bottom) a Fourier aperture filter in simulation using ASM
propagation. Within each group, the left column shows simulated reconstructions, while the right shows real captures with the same laser power and
exposure time without a conventional 4 f system, directly representing an unfiltered, compact display setup. Accordingly, the “with filter” simulation

represents a reference configured with conventional Fourier aperture filtering. Note, we present green-channel acquisitions and visualize them as

grayscale images.

Color-channel Joint Compression. At this proof-of-concept
stage, our network generates a single-channel phase hologram per
INR model. Nevertheless, this design overlooks the inter-channel re-
dundancy that often exists in holographic scenes. Exploring jointly
modeling RGB channels within a single INR can potentially reduce
parameter count and improve compression efficiency [18]. As a pre-
liminary test, we visualize holograms generated using a shared INR
that regresses RGB phase channels simultaneously. While the model
achieves moderate reconstruction quality, subtle color fringing indicates
the need for more advanced coordination between channels, which we
leave for future work. Refer to Supplementary Sec. S6 for detailed
exploration in this domain.

6 CONCLUSION

In this work, we have explored an INR-empowered image process-
ing framework tailored for unfiltered 3D hologram generation and
compression to capture the high-frequency demands of hologram data.
By integrating phase-only implicit representation with a multi-depth,
camera-calibrated, learned propagation model, our method overcomes
the typical simulation-to-display mismatch that likely affects CNN-
based approaches without optical filtering. Furthermore, we com-
press the learned network parameters using quantization-aware training
and entropy coding, enabling both efficient storage and fast decoding
on edge devices. Experimental results indicate that our INR-CGH
paradigm is a step towards practical holographic displays in pending
cloud-edge computing scenarios, facilitating a good compromise be-
tween image fidelity and algorithm employability.

Follow-up Work. While our INR-CGH framework achieves ef-
ficient, aka., real-time, decoding, further improvements in encoding
speed remain necessary. This can potentially leverage progressive
training techniques or meta-learning strategies [23, 60], as well as the
field-programmable gate arrays (FPGA) to accelerate the complex holo-
gram generation process on edge devices. Another practical extension
to improve performance and/or reduce model size with minimal over-
head is using clustering-based bin placement (e.g., via k-means [27]),
which may better match the Gaussian distribution of weights and reduce
quantization error. In addition, as our framework is demonstrated to be
compatible with unfiltered holographic display setups, integrating high-
order gradient descent [25] algorithms can bootstrap image contrast.
With respect to the 3D imaging capability, the optimization-based re-
finement using alternating direction method of multipliers [15] could be
incorporated to regularize the in-focus/out-of-focus regions, potentially
improving perceptual consistency in multi-depth holography. Last but
not least, a natural extension of this work is to explore hardware-aware
phase design objectives that can regulate phase complexity, for instance,
random-phase-like characteristics [69], while accounting for current

SLM imperfections such as pixel crosstalk. A systematic study of
alternative random-phase formulations under these constraints remains
an important research direction.
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