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Abstract—Holographic displays are gaining increasing popularity, particularly as a holy grail solution to augmented and virtual reality
(AR/VR) wearable displays. However, the generation of holograms is computationally intensive for AR/VR edge devices, which are
expected to be compact and lightweight with low power consumption and heat dissipation to last all day. To address this, we propose a
distributed hologram generation framework, dubbed HoloZip, to jointly generate, compress, transmit, and decode computer-generated
holograms across the cloud-edge devices. Specifically, we divide the compute-intensive hologram generation between the cloud and the
local edge device by performing most of the hologram image generation via a vision transformer based backbone on the cloud, compress
and transmit, then decode on a local edge device by a lightweight model. Our HoloZip framework supports both both 2D/3D holograms
as well as holographic videos, achieving a reconstruction quality of over 30 dB in PSNR (lossy compression standard) with bit rates as
low as 0.6 bits per pixel as validated by experiments.

Index Terms—Computational Display, Holography, Near-Eye Display, AR/VR, Compression
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1 INTRODUCTION

HOlographic displays are regarded as a promising
solution for next-generation VR/AR systems due to

their ability to provide depth cues, compensate for optical
aberrations, and support compact form factors [1], [2]. Holog-
raphy records and reconstructs the light field of 3D scenes
by leveraging light interference and diffraction. Specifically,
the light field of a 3D scene is encoded into an interference
pattern, i.e., hologram, which can be replayed by illuminating
the hologram properly. Recent advances have demonstrated
compact eyeglass-style displays [3], [4], [5], further advancing
the practicality of holographic display technologies. To
remain compact and lightweight, such glasses are typically
constrained by limited onboard computing power and
battery capacity. This motivates cloud-assisted holographic
display systems, where computationally intensive hologram
generation is offloaded to cloud servers, and the synthesized
hologram data is transmitted to lightweight edge device
clients. In this context, cloud-collaborative computation
and hologram compression are essential for efficient data
transmission and improved system practicality [6].

Computer-generated holography (CGH) encodes the light
field of digital 3D assets into holograms via numerically sim-
ulating wave propagation. Traditional CGH methods span a
wide range of approaches, including ray tracing [7], polygon-
or layer-based rendering [8], [9], and iterative image-based
algorithms such as the Gerchberg–Saxton (GS) method [10]
or optimization-based solvers [11], [12], [13]. However, these
methods generally suffer from high computational costs
and slow runtimes. Recent works propose neural network-
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based models that achieve real-time, high-quality hologram
synthesis [11], [14], [15], [16]. However, due to the high
resolution and large receptive field requirements inherent in
hologram generation, these methods can still pose challenges
for edge devices with limited computing and battery life.

Additionally, holograms significantly differ from natural
images in their statistical properties, making holographic
image reconstructions highly sensitive to distortions in
hologram data. As a result, conventional lossy codecs de-
signed for natural images or videos are often less effective
for hologram compression. Furthermore, unlike natural
images, whose statistics are relatively consistent, hologram
distributions vary depending on the hologram generation
method. This suggests that designing hologram generation
and compression as separate modules—as is common in
natural image processing—may lead to suboptimal perfor-
mance. Early work by Wang et al. [6] addressed this by
jointly treating hologram generation and compression via
an end-to-end neural framework, achieving phase hologram
compression while ensuring image quality. The method [17]
extended this idea by integrating a JPEG simulator into an
iterative optimization loop. Nonetheless, the compression
performance of these methods remains modest, typically
above 2 bits per pixel (bpp) on average, leaving substantial
room for improvement in bandwidth-constrained scenarios.

In this work, we explore pushing hologram compression
toward lower bitrates in both 2D and 3D holography while
ensuring high reconstruction quality. This is especially ben-
eficial for deployment in bandwidth-constrained or mobile
edge scenarios, where stable, efficient transmission is critical.
Although prior work [6] has made notable progress, their
resulting compression rates remain relatively high, typically
at around 2-5 bits per pixel (bpp). This may be due to
insufficient exploitation of redundancies in hologram and
its latent space. To tackle this, we propose a latent-of-latent
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strategy: the wavefield at the SLM plane is first encoded
into an initial latent space, which is further reduced to a
more compact latent. The distribution of this compact latent
space is then modeled for entropy coding. This hierarchical
design enables more efficient compression (� 0:6 bpp) while
maintaining reconstruction quality > 30 dB in simulation.

We incorporate efficient Vision Transformer (ViT) mod-
ules [18], [19], [20], [21] for initial latent space extraction. By
adapting ViTs for modeling long-range dependencies, we
extract expressive latent maps that serve as inputs to our
latent-of-latent compression scheme. To achieve the scheme,
we draw on techniques from Video Compression Transformer
(VCT) [21], a ViT architecture tailored for compression, and
strategically incorporate it to reduce data redundancy in the
initial latent maps and advance compression efficiency. This
nested latent-of-latent compression enables extremely low
bitrates while preserving image quality. Moreover, to realize a
cloud-edge collaborative design, we constrain the use of com-
putationally intensive ViTs to hologram generation, encoding,
and compression, which can be deployed on cloud servers.
The decoding process is handled by a lightweight decoder
that can be efficiently run on edge devices. Experimental
results demonstrate our method’s applicability to both 2D
and 3D holography, achieving up to an 8� bitrate reduction
compared to the state-of-the-art method, DPRC [6], while
maintaining high reconstruction quality.

In sumamry, our contributions are as follows:

� We propose a novel latent-of-latent compression strat-
egy that targets low-bitrate hologram compression
while maintaining high reconstruction quality, which
can seamlessly be integrated into end-to-end holo-
gram generation frameworks.

� We design ViT-based modules to effectively capture
long-range dependencies when generating compact
latent representations. The proposed framework sup-
ports both 2D holograms and sequential holographic
video by modeling temporal redundancy through
cross-attention in data distribution modeling.

� We demonstrate with comprehensive experiments
that HoloZip can effectively compress hologram
data, outperforms existing approaches such as DPRC,
and requires only 1

8 bpp compared to DPRC.

2 RELATED WORK

Computer-generated holography (CGH) performs numerical
simulations to generate 2D holograms that can represent the
3D light field. Due to the high diffraction efficiency of phase-
only spatial light modulators (SLMs), phase-only holograms
are commonly used. In this work, we primarily focus on
prior efforts related to hologram and image compression. A
brief overview of CGH generation methods is provided in
the Supplementary Material.

2.1 Hologram Compression

The compression of holograms is a critical enabler for practi-
cal holographic applications. as holograms for reconstructing
3D scenes require huge storage space and high transmission
bandwidth [22]. However, most widely used lossy image
or video codecs—such as JPEG [23], JPEG2000 [24], and

HEVC—are designed to exploit the statistical properties of
natural images. When directly applied to holograms, which
exhibit fundamentally different signal characteristics (e.g.,
sharp phase discontinuities and high-frequency content),
these codecs typically introduce severe distortions in recon-
structed images, especially at low bitrates, impairing visual
fidelity of the holographic display.

Existing methods have attempted to adapt traditional
video codecs for hologram compression. Blinder et al.
enhance HEVC by modeling rigid motion [25] and use
JPEG 2000 for static off-axis holograms [26]; however, these
approaches are limited to single-object scenes or static images,
respectively. Similarly, Oh et al. [27] modify HEVC for
phase-only holographic videos, but their method remains
non-differentiable. Muhamad et al. [28] follow a classical,
non-end-to-end trainable pipeline for plenoptic data. Other
approaches have explored phase-difference encoding [22],
alternative phase representations [29], and phase unwrap-
ping strategies [30]. Jia et al. [31] utilize a foveated rendering
strategy that requires gaze cues from eye tracking, while our
method works with full-resolution data without gaze input.

Recent efforts have explored deep learning-based holo-
gram compression. Jiao et al. [32] develop a hybrid ap-
proach that leverages neural networks to post-process JPEG-
compressed holograms in order to restore degraded recon-
structions. However, since the overall pipeline is not end-to-
end optimizable, the method—while partially effective—still
results in reconstruction distortions. Shi et al. [33] combine
H.265 with a neural residual module, but their pipeline is
not end-to-end optimizable. More recently, Wang et al. [6]
propose an end-to-end learnable framework for joint phase
retrieval and compression. The method [6] integrates differ-
entiable modeling of the compression process on a compact
latent representation produced by neural modules. Zhou et al.
[17] introduce a JPEG-aware CGH framework that integrates
a differentiable JPEG simulator into an SGD-based hologram
optimization loop, maintaining compatibility with the legacy
JPEG codec. While effective, the compression performance
of these methods still falls significantly behind that achieved
in natural image compression, leaving substantial room for
further improvement. The method by Ban et al. [34] supports
both images and videos by using two separate hyperprior
coders. In contrast, our framework unifies image and video
compression by adopting a single Transformer-based entropy
model on a latent-of-latent space.

2.2 Neural Image Compression

Traditional codecs such as JPEG [23] and JPEG2000 [24]
use hand-crafted modules (e.g., DCT, quantization, entropy
coding), which are difficult to jointly optimize, thus limiting
compression efficiency [35], [36]. In recent years, neural
compression methods have enabled end-to-end optimization
and have shown superior performance [37], [38], [39], [40].
Early work by Ballé et al. [37] introduces an autoencoder-
based framework that achieves both high pixel-level fidelity
and perceptual quality, substantially outperforming tradi-
tional codecs such as JPEG. Follow-up works improved
upon this framework by incorporating hyperprior models
[38], enabling more accurate entropy modeling of the latent
space and further reducing bitrate at similar quality. More
recent efforts have explored perceptual-oriented compression
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TABLE 1: Table of variables

Symbol Data Type Dimension Description

At Float H ×W × 1 Target amplitude map

Pt Float H ×W × 1 Output from IP

H Float H ×W × 1 Generated hologram H

v Float H
4

× W
4

× 8 Latent space

vl Float H
64

× W
64

× 192 Latent of latent space

v̂ Float H
4

× W
4

× 8 Decoded v

v̂l Float H
4

× W
4

× 8 Decoded vl

µ Float H
4

× W
4

× 8 Mean of the Gaussian model for v

σ Float H
4

× W
4

× 8 Scale of the Gaussian model for v

Ât Float H ×W × 1 Simulated reconstruction of At

cl Binary bits — Bitstream coded for v̂l

–: The lengths of the bitstreams are dynamically changed
according to the probability distribution of the elements
within the data.

using adversarial losses [40] or diffusion models [41], [42] to
enhance visual realism, especially at extremely low bitrates.
Although these methods are developed for natural images,
their core principles—such as learned entropy estimation
and perceptual-aware objectives—are highly relevant to
hologram compression. Inspired by this line of research,
we incorporate a Transformer-based image compression
framework to effectively model a compact latent-of-latent
space, which is produced in our uniquely designed frame-
work for hologram generation and compression framework,
enhancing the hologram compression efficiency notably.

3 COMPUTER GENERATED HOLOGRAPHY

Computer-generated holography (CGH) numerically simu-
lates the optical process of hologram recording and replay.
In a typical setup, a phase-only spatial light modulator
(SLM) is used to modulate the wavefront of a coherent light
source due to its high diffraction efficiency. This requires
computing a phase-only hologram H to produce the desired
intensity distribution at the image plane. To model wave
propagation from the SLM plane to the image plane, the band-
limited angular spectrum method (ASM) [43] is commonly
adopted for its balance between accuracy and computational
efficiency. The forward propagation is formulated as:

fpd (H)(x; y) =

ZZ
F
�
ejH

�
(ux; uy) � H(ux; uy)

� ej2�(uxx+uyy) duxduy;

H(ux; uy) =
(
e
j2�d

√
1
λ2�u2

x�u2
y ; if u2

x + u2
y <

1
�2 ;

0; otherwise:

(1)

F(�) denotes the Fourier transform, and ux, uy are the spatial
frequencies. As only the intensity jÂtj2 of the reconstructed
wavefield is observable, the holographic phase retrieval
problem is typically formulated as an optimization task:

H = argmin
H
Lrec

�
jÂtj2; jAtj2

�
: (2)

jAtj2 is the target intensity and Lrec(�) is the reconstruction
loss function such as mean squared error (MSE), total
variation difference, or a weighted combination thereof.

4 HO L OZI P

4.1 Overview
The pipeline of our framework HoloZip is illustrated in
Figure 1. We integrate hologram generation and compression
into a unified, end-to-end trainable neural framework. Given
a target RGB image (amplitude) At, HoloZip employs an
overall encoding-decoding scheme to generate a phase-only
hologram H. The encoding process yields a latent representa-
tion v, which can be decoded into the final hologram either
directly or after being transmitted. Compression modules
are designed in the latent space v, enabling highly efficient
representation and transmission.

The encoding procedure consists of a phase initialization
module IP and a latent encoding module Ep. We integrate ef-
ficient vision transformers (ViTs)—detailed in Section 4.2—to
implement these two modules to leverage ViT’s strong
representation capacity and enhance the hologram synthesis
performance. Specifically, IP takes the input RGB image
(amplitude) At and estimates a phase map Pt at the target
plane. The formed wavefield is propagated to the SLM plane
using the angular spectrum method (Eq. 1). The propagated
wavefield is then encoded by Ep into a latent space v, which
contains 16� fewer pixels, resulting in a 4� reduction in data
volume (2�H�W ! 8� H

4 �
W
4 ). And a decoder Dp takes

either the extracted latent map v or the transmitted one v̂ to
generate the hologram H, which are then be propagated to
reconstruct the amplitude Ât at the target plane. While direct
entropy encoding of latent maps v is feasible [6], [44], it does
not fully exploit the spatial redundancy within the latent
space. To achieve ultra-efficient compression, we introduce a
latent-of-latent compression strategy that treats the latent v
as an “image” and further encodes it into a more compact
representation q before entropy coding. This hierarchical
approach employs a Video Compression Transformer (VCT)
(Section 4.3) to generate the final bitstream. The compression
procedure is designed to support both single-frame and
multi-frame (video) compression.

4.2 ViT-based Phase Estimator and Latent Encoder
Vision transformers (ViTs) [18], [19], [20] have shown remark-
able success across a wide range of vision tasks. However,
their application in holography, particularly for compression-
oriented frameworks, remains underexplored. In HoloZip,
we leverage ViTs to perform target-plane phase initialization
and latent encoding to improve reconstruction quality of
generated holograms. A major challenge in adopting ViTs
for holography lies in their prohibitive computational cost,
which scales quartically with input resolution—problematic
for holographic systems that typically operate on high-
resolution inputs (e.g., 1920 � 1080). To address this, we
adopt the Swin Transformer architecture [19], [45], a compu-
tationally efficient ViT variant, to construct both the phase
extraction network IP and the latent encoding network
Ep in our framework. This design preserves the modeling
advantages of ViTs while ensuring scalability for practical,
high-resolution hologram computation.

Given an input image x 2 RH�W�C , standard ViTs
first divide it into N = HW

P 2 non-overlapping patches of
size P � P , which are flattened and projected into a D-
dimensional embedding space, with positional encoding
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Fig. 1: Overview of the proposed ViT-based holography generation and compression framework. The components within
the framework can be divided into encoding and decoding components, where the decoding components are deployed
locally or to edge devices in a cloud-collaborative computation scenario. The cloud side extracts the phase map from the
input natural images or video frames, and these frames are encoded into latent space by a ViT encoder to reduce the spatial
size as the first stage of compression. The encoded latent maps are further compressed with the VCT to maximumly reduce
the data amount for transmission as the second stage compression. After being transmitted to the edge side, a lightweight
decoder first restores the extracted latent maps from the bit flow, followed by a light CNN upscaling module to restore the
original spatial size. In our framework, the phase extractor IP and latent encoder Ep are implemented with ViTs, specifically
Swin-UNet and Swin Transformer, respectively.

added to preserve spatial information. The resulting token se-
quence z0 is then passed through multiple transformer layers.
At the l-th layer, each token first undergoes layer normaliza-
tion (LN) and multi-head self-attention (MSA), followed by a
residual connection, i.e., z0l = MSA(LN(zl�1))+zl�1. The re-
sult is then passed through another residual block consisting
of a layer normalization (LN) and a multilayer perceptron
(MLP), yielding the final output zl = MLP(LN(z0l)) + z0l. As
the patch account N grows quadratically with resolution,
the computational cost of standard ViTs increases quartically
and becomes prohibitive for high-resolution holograms.

To ameliorate this, we adopt the window-based multi-
head self-attention W-MSA(�) and shifted window-based
multi-head self-attention SW-MSA(�), which restrict the
attention mechanism to local windows rather than the entire
input, as illustrated in Figure 2. This window-based design
greatly improves scalability while preserving modeling
capacity. Following [45], we interleave the W-MSA(�) and
SW-MSA(�) in consecutive layers. Specifically, for layers l
and l + 1, 8>>><>>>:

z0l = W-MSA(LN (zl�1)) + zl�1;

zl = MLP (LN (z0l)) + z0l;
z0l+1 = SW-MSA(LN (zl)) + zl;
zl+1 = MLP

�
LN

�
z0l+1

��
+ z0l+1:

(3)

Additionally, we merge the neighboring patches after certain
transformer layers to further reduce the computation cost by
shrinking the resolution. This hierarchical merging strategy
aligns with the architecture of the Unet [46], which has been
adopted for phase extraction in the previous work [6], [11].
Motivated by this, we adopt Swin-Unet [45], which integrates

Swin
Transformer

Vision
Transformer

Layer Layer Layer 

Merge

Fig. 2: Illustration of the comparison between W-MSA(�),
SW-MSA(�) and standard MSA(�) in ViTs. Every small
square denotes an image patch, and the larger colored
areas represent the attention window within which patches
attend to each other. In MSA(�), every image patch attends
globally to all other patches, resulting in O(N2) computation
complexity, where N = H

P �
W
P is the number of patches. In

contrast, both W-MSA(�) and SW-MSA(�) limit attention to
local windows, reducing the computational complexity to
N3

d4 , where d is the size for each attention window. After al-
ternating layers of W-MSA(�) and SW-MSA(�), neighboring
image patches are merged to further reduce the computation
cost in the following ViT layers.

the Swin Transformer into a Unet, as an efficient initial phase
extractor IP , as illustrated in Figure 3.
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Fig. 3: Illustration of the Swin-Unet architecture. Each
downsampling block consists of two consecutive Swin
Transformer blocks followed by one patch merging block,
which progressively reduces the spatial resolution. Each
upsampling block contains one patch expanding block to
recover spatial resolution, followed by two Swin Transformer
blocks for feature refinement.

4.3 Latent of Latent Compression
4.3.1 Visual Compression Transformer
The overall encoder–decoder architecture reduces the volume
of data to be transmitted. Building on this, DPRC [6] employs
a hyperprior network [38] to model the data distribution
within latent space and utilizes entropy coding [47] to
compress the latent representation into a bitstream. However,
DPRC’s compression performance still falls short of state-
of-the-art (SOTA) compression methods [21], [48], [49] for
natural images and videos, primarily due to insufficient
exploitation of latent space redundancy. Furthermore, when
processing holographic video frames, DPRC merely leverages
residuals between latent representations of consecutive
frames, limiting its ability to capture temporal dependencies.

To address these limitations, we incorporate the Visual
Compression Transformer (VCT) [21], an SOTA framework
designed to fully exploit spatial and temporal redundancy
for ultra-high compression efficiency. As shown in the right
panel of Figure 4, the latent representation v undergoes
further downsampling via an auxiliary encoder El and is
patchfied, followed by entropy coding for transmission.
On the receiver side, entropy decoding reconstructs the
patches, which are then fed into a decoder Dp to recover
the latent map v̂. Effective compression hinges on accurate
probability estimation during entropy coding. To this end, we
adopt Transformers [50] to model probability distributions of
encoded latent patches. For video compression, as illustrated
in Figure 4, the distribution estimation of the (i + 1)-th
frame is conditioned on the preceding i-th frame through
cross-attention in the Transformer layers, achieving temporal
redundancy removal.

4.3.2 Compression and Decompression
In this section, we elaborate on the coding and decoding
process of the further encoded latent space (i.e., latent of
latent). Prior to entropy coding, the latent representation is
quantized into a discrete set via a rounding operation. To
enable end-to-end learning, we replace the non-differentiable
rounding with a differentiable alternative, denoted as Qs:

x̃ = Qs(x) = sg([x]� x); (4)

where x is the input to round, x̃ is the rounded output, sg(�) is
the stop-gradient operator and [�] is a real rounding operation.
The compression process starts by encoding the latent map v
with the encoder El to produce the latent-of-latent vl = El(v),
which are then divided into patches pl. The entropy coding
takes the patches and the predicted mean ml and scale sl

Transformer

Entropy Coding

Entropy Decoding

Transformer

Fig. 4: Illustration of the VCT architecture. Each frame e is
first processed by an encoder El to reduce the resolution and
converted to patches. The patches will be used as the input
for a Transformer that predicts the probability distribution
required for entropy encoding. For video compression on
the left panel, the statistical information from the preceding
frame vi is incorporated into the prediction of the current
frame vi+1 via cross-attention in the Transformer. The right
panel details the encoding-decoding pipeline for a single
frame vi: The frame is initially encoded by the encoder El
and transformed into patches and compressed via entropy
coding guided by the Transformer-estimated probability dis-
tribution. After transmission, entropy decoding reconstructs
the patches with the probability distribution, which are then
restored by the decoder Dl to the original latent map.

from the Transformer as input and compresses the patches
pl to a bitstream. Specifically, the mean ml is first rounded
as m̃l = Qs(ml). Then the patches pl are subtracted by the
rounded mean as p̃0l = pl� m̃l. Finally, the modified patches
are coded utilizing the predicted scale sl

cl = Coding(p̃0l; sl); (5)

where cl is the bitstream to transfer. The decoding process is
the inverse of the coding process

p̂l = Decoding(cl; sl) + ml: (6)

The decoded patches are then reshaped back to the recon-
structed latent-of-latent v̂l.

4.4 Model Training
We train HoloZip in two stages. In the first stage, we train
the hologram synthesis sub-framework—highlighted by the
red arrows in Figure 1—which consists of the phase extractor
IP , the encoder Ep, and the decoderDp. This sub-framework
is trained by minimizing the reconstruction loss Lrec (in Eq. 3)
between the reconstructed and target intensity. In the second
stage, we freeze the modules trained in the first stage and
activate the compression-related components, including the
VCT. The overall training objective becomes:

Lc = � �R+ Lrec: (7)
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Fig. 5: Comparison of compression methods through reconstruction quality versus compression rate. Bpp represents bits
per pixel consumed to encode the holograms. SGD [54], [55] and HoloNet [55] are optimization and deep learning-based
methods for hologram extraction. JPEG, WebP, AVIF, and HEIF are image compression methods and are combined with
SGD or HoloNet to compress the extracted holograms. A larger value in the y-axis indicates better performance.

TABLE 2: Reconstruction performance without compression.
*SGD is a per-image optimization-based method. We consider
it to be the upper bound for reconstruction quality.

Methods PSNR ↑ SSIM ↑ LPIPS ↓ Time (s)

SGD* 35.0037 0.9549 0.1352 26.6641

HoloNet 29.7014 0.9114 0.2394 0.0176
DPRC 30.4155 0.9237 0.2006 0.0201
Ours (HoloZip) 32.4256 0.9119 0.1883 0.0528

TABLE 3: Results for ablation studies.

Methods PSNR ↑ SSIM ↑ LPIPS ↓

Variant 1 32.4061 0.9171 0.2149
Variant 2 32.1875 0.9158 0.2081
Ours (Full model) 33.1414 0.9244 0.1883

Variant 1: Replaces the ViT-based IP with a UNet.
Variant 2: Replaces the ViT-based Ep with a CNN encoder.

This loss jointly measures reconstruction fidelity and com-
pression efficiency, where R denotes the bitrate estimated for
the bitstream, and � is a weighting factor that balances the
trade-off between reconstruction and compression.

5 EXPERIMENTS

5.1 Settings

Our framework is evaluated on several standard datasets
for holographic compression. For 2D holographic image
compression, we use the DIV2K dataset [51], while for
2D holographic video compression, we use the CVQAD
dataset [52]. For 3D hologram compression, the MIT-CGH
dataset [14] is used for training and quantitative evaluation.
For 3D hologram compression, we also perform qualitative
assessments on 1080p natural images with depth maps
generated by a depth estimation model [53].

Implementation Details. In the Supplementary Material, we
provide details of the network architectures of the neural
modules within the HoloZip framework and more details
regarding the implementation and training. We also include
a detailed description of the holographic display prototype
we built for experimental evaluation.

TABLE 4: Effectiveness of the latent-of-latent strategy.

PSNR ↑ SSIM ↑ LPIPS ↓ nbpp ↓

No latent-of-latent 31.6524 0.9096 0.1229 4.3737
Ours (Full model) 30.1246 0.8767 0.2599 0.5489

TABLE 5: Quality of holographic video compression. The
background color denotes similar or higher bpp to HoloZip.

Methods Compression PSNR ↑ SSIM ↑ LPIPS ↓ nbpp ↓
H.264 crf=10 20.8714 0.6508 0.5298 0.9046
H.264 crf=15 20.1933 0.5916 0.5784 0.4368
H.264 crf=20 19.2868 0.5213 0.6305 0.1888
H.264 crf=23 18.7677 0.4842 0.6542 0.1179

vp9 crf=20 20.7154 0.6469 0.5405 0.5646
vp9 crf=30 20.1859 0.6043 0.5761 0.2989
vp9 crf=40 19.3638 0.5465 0.6218 0.1159

av1 crf=61 17.5841 0.4854 0.6620 0.0035

HoloNet

av1 crf=63 17.1828 0.4621 0.6727 0.0017

H.264 crf=10 19.2590 0.5025 0.5347 5.3378
H.264 crf=15 19.1124 0.4914 0.5412 3.9938
H.264 crf=20 18.7088 0.4618 0.5632 2.6474
H.264 crf=23 18.2683 0.4326 0.5912 1.8662

vp9 crf=20 18.9126 0.4806 0.5474 3.6023
vp9 crf=30 18.4509 0.4513 0.5724 2.4231
vp9 crf=40 17.5627 0.3988 0.6239 1.2356

av1 crf=61 14.1708 0.3136 0.6409 0.0040

SGD

av1 crf=63 13.9960 0.2925 0.6366 0.0016

DPRC Single Frame 33.6677 0.9238 0.1619 3.1769

Low 31.6272 0.8758 0.2005 0.2591
HoloZip High 31.6328 0.8767 0.1978 0.7072

5.2 Hologram Generation Quality

We first evaluate the performance of hologram generation
sub-framework (without compression-related modules in-
volved) via evaluating reconstruction image quality and
summarize the results in Table 2. We compare our approach
against the per-image optimization-based method SGD
[55], and deep learning-based methods HoloNet [55] and
DPRC [6]. As shown in Table 2, SGD achieves the highest
reconstruction quality but incurs significantly higher com-
putation time due to the need for iterative optimization per
frame. In contrast, deep learning-based methods, including
HoloZip, perform a fast network inference per image,
resulting in much faster hologram generation. Compared
to HoloNet and DPRC, HoloZip achieves consistently better
results across all three evaluation metrics, demonstrating its
superior ability to recover high-fidelity holograms from input
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Fig. 6: Comparison of compression methods through reconstruction quality versus compression rate on 3D holography
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Fig. 7: Comparison of reconstructed images from compressed holograms by different 2D holography methods.
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Fig. 8: Reconstructed video frames from compressed holograms by different methods.

images. Moreover, despite integrating ViTs, HoloZip main-
tains comparable inference speed to other learning-based
methods, owing to the incorporated efficiency designs.

Ablation Studies. We conduct ablation studies to evalu-
ate the effectiveness of the ViT-based phase initialization
network IP and latent encoder Ep. Specifically, we test two
variants: Variant-1 replaces IP with a standard convolutional
UNet, and Variant-2 replaces Ep with a convolutional encoder
similar to that used in DPRC. The results are shown in Table 3.
Compared to our full model, both variants exhibit a clear
performance drop (by 0:74 dB and 0:95 dB, respectively),
demonstrating the importance of our ViT-based designs.
These results validate our architectural choices and support
the motivation for incorporating ViTs to enhance holographic
reconstruction quality.

5.3 Hologram Image Compression
We evaluate the compression performance of our proposed
framework, HoloZip. Quantitative and qualitative results
are presented in Figure 5 and Figure 7, respectively. Our
comparison includes standard image codecs (JPEG [56],
WebP [57], HEIF [58], and AVIF [59]) applied to holograms
from SGD or HoloNet, and the learning-based method
DPRC. The rate-distortion curves in Figure 5 reveal two key
insights: ❶ Standard image codecs are ill-suited for hologram
compression, particularly at low bitrates. These codecs,
optimized for perceptual quality in natural images, often
discard high-frequency information critical for holographic
reconstruction. ❷ HoloZip achieves similar reconstruction
quality to DPRC but at a significantly lower bitrate. This
compression efficiency stems from our latent-of-latent strat-
egy, which effectively exploits redundancy in the latent space


