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Fig.1 Flowchart of the data-supervised-based method for
hologram generation
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Fig.2 Flowchart of the model-supervised-based method for
hologram generation
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Tab.1 Comparison of the characteristics of data-supervised

and model-supervised methods
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Fig. 3 Flowchart of the hybrid-supervised-based method
for hologram generation
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Fig. 4 Low-noise holographic 3D display effects of the
data-supervised methods in Refs. [16-17]
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Tab. 2 Characteristics of typical data-supervised methods
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Fig. 5 Low-noise holographic 3D display effects of the
model-supervised methods in Refs. [6,24]
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Tab.3 Characteristics of typical model-supervised methods

ik eSS P AL Hdnge
MW-CANet+CCNNPY CNN B iRk DF2K
ResC-CNNP2* CNN+ResNet Z R ZER AR AR 2 MIT-CGH-4K-V2
SST-holo™” CNN U IR i FR AL MIT-CGH-4K
FS—Net"" CNN 2 R SRR R DIV2K
EEPMD-Net"*? CNN EANea2y HIEEiREN CREStereo+DIV2K

23 REWERE

TR WB 7 i b A LG 2s B ik S
RO v, A S AR (OSR 1r ] e ] 4 4 L e
JRE R T S R kg L BR , Shi 2RI T
— 7 W T R G M I A 4 1 TR A B )1 R 5R
% TensorHolo v2, FH 4= il i & 3D 4 8 & 5 1% ik
Fa g T —A e o ) B AR RO 4E MIT-CGH-4K-V2,
SR HPRECE 4R UEA T B2 , Pl el A S A T R A
MBI, S0 1 A W ot 4 B EE A BT Y
BRI 5 207 R B LB 8CR an &l 6 (a) s o

e ——— o

i S

(b) #B3D4 H AR /R

Ele 3CHK[33-34)RAMEHFANRREE 223D ERHR
Fig. 6 Low-noise holographic 3D display effects of the
hybrid-supervised methods in Refs. [33-34]
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Abstract:

Significance Holographic 3D displays reconstruct the complete wavefront information of 3D objects and are therefore regarded as a key di-
rection in the development of next-generation naked-eye 3D displays. However, traditional hologram generation methods struggle to
achieve a balance between holographic reconstruction quality and computational speed. Among these challenges, the suppression of speckle
noise remains a central issue in holographic 3D displays. Arising from coherent illumination and random phase distributions, speckle noise
represents a primary factor that affects the quality of holographic reconstructions. In recent years, deep learning has provided a new compu-
tational paradigm for generating low-noise holograms. Therefore, this study systematically reviews deep learning-based methods for low-
noise hologram generation and provides a detailed discussion of the fundamental principles, technical advancements, and future trends of
data-, model-, and hybrid-supervised methods, with the aim of providing a reference for the further optimization of low-noise hologram gen-
eration methods.

Progress In recent years, low-noise hologram generation methods based on deep learning have experienced rapid development, and innova-
tions in data-, model-, and hybrid-supervised methods have driven advances in holographic 3D displays. Data-supervised methods de-
pended on paired datasets of target images and holograms, and low-noise holograms were generated by learning the mapping relationships
between them. Early data-supervised studies focused on applying deep neural networks to hologram generation, in which tensor holography
enabled the real-time synthesis of low-noise holograms, whereas diffraction-engineered networks further enhanced the visual realism of ho-
lographic 3D displays. One noteworthy strategy directly generated low-noise holograms from 2D target images, which simplified the con-
struction of training datasets. However, data-supervised methods remained highly dependent on large-scale, high-quality datasets, and gen-
eralization ability and model performance were closely associated with dataset quality. Model-supervised methods embedded differentiable
physical models into the training process, which avoided reliance on paired datasets and enabled unsupervised or self-supervised learning of
low-noise holograms by minimizing the intensity difference between reconstructed and target images. Hardware-based model-supervised
methods calibrated optical aberrations through system feedback and achieved high-quality color holograms. Software-based model-
supervised methods introduced complex-valued neural networks or lightweight architectures and generated holograms with high accuracy
and high frame rates. In addition, model-supervised methods were applied to address occlusion problems in complex 3D scenes. However,
model-supervised methods required repeated diffraction propagation calculations, which resulted in high training costs. Hybrid-supervised
methods integrated the advantages of data and model supervision and generated high-fidelity, low-noise holograms by combining data and
physical losses. For example, the two-stage hybrid training method first pretrained networks on high-quality datasets and performed unsu-
pervised fine-tuning using physical models, surpassing the performance ceiling of data-supervised methods. Under data-scarce conditions,
hybrid-supervised methods based on nonpaired learning achieved object-to-hologram mapping through cycle-consistency structures.
Hybrid-supervised methods were also applied to optical system optimization, propagation error compensation, and hologram generation un-
der low spatial coherence. However, hybrid-supervised methods still encountered challenges associated with complex training processes

and limited stability.
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Conclusions and Prospects Although deep learning has driven the rapid development of holographic 3D displays, several challenges re-
main: 1) in data-supervised methods, the training efficiency of deep neural networks remains low, with a strong dependence on training data-
sets; 2) in model-supervised methods, the speed of hologram generation does not yet satisfy the requirements for real-time interaction; 3) in
hybrid-supervised methods, the performance gains achieved by simply increasing the depth or width of neural networks are limited. There-
fore, future research is expected to proceed in the following directions: 1) transfer learning methods can be applied to reduce the training
time required for data-supervised methods and alleviate dependence on datasets; 2) lightweight neural networks can be designed to improve
the generation speed of model-supervised methods; 3) novel architectures, such as Transformer models, self-attention mechanisms, and dif-
fusion models, can be explored to extend the performance boundaries of neural networks. With continued improvements in training effi-
ciency, inference speed, and reconstruction quality, holographic 3D displays are expected to facilitate transformative applications in medi-
cal imaging, industrial inspection, education, and entertainment.

Key words: holographic 3D display; hologram; deep learning; low-noise
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