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 A B S T R A C T

Deep learning (DL) has become an important tool in digital holography (DH), enabling 
data-driven learning of complex inverse mappings directly from holographic measurements. 
Early DL-assisted DH demonstrated the feasibility of this approach but often relied on large 
labeled datasets and lacked explicit physical interpretability. In recent years, advances in DL 
methodologies have begun to address these limitations. This review examines three major 
developments that are reshaping the field: innovative training strategies for data-efficient 
learning, the integration of physical priors for improved interpretability and physical consis-
tency, and advanced network architectures capable of extracting richer representations from 
holographic data. By organizing recent progress from this methodological perspective, we 
provide an updated overview of how modern DL techniques are expanding the capabilities of 
DH. We conclude with a forward-looking perspective, identifying promising but underexplored 
DL directions expected to drive significant future advancements in DH applications.
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1. Introduction

Digital holography (DH) is a powerful imaging modality capable of encoding comprehensive three-dimensional (3D) scene 
information into interference fringes under coherent illumination [1]. As illustrated in Fig.  1, depending on the arrangement of the 
object and reference waves, DH systems are commonly categorized into on-axis, off-axis, inline, and lensless configurations [1,2]. 
Although each setup offers different trade-offs among measurement simplicity, reconstruction complexity, and image quality, they 
share a fundamental physical principle: the recorded intensity pattern (hologram) 𝐼(𝑎, 𝑏) results from the interference between the 
object wavefront 𝑂(𝑎, 𝑏) and a reference background plane wave 𝑅(𝑎, 𝑏), governed by 

𝐼(𝑎, 𝑏) = |𝑂(𝑎, 𝑏) + 𝑅(𝑎, 𝑏)|2 = |𝑂(𝑎, 𝑏)|2 + |𝑅(𝑎, 𝑏)|2 + 𝑅∗(𝑎, 𝑏)𝑂(𝑎, 𝑏) + 𝑅(𝑎, 𝑏)𝑂∗(𝑎, 𝑏), (1)

where (𝑎, 𝑏) represents the spatial coordinates at the hologram plane, and superscript (⋅)∗ denotes the complex conjugation.
Following acquisition, computational algorithms decode the object information, typically retrieving the complex optical field 

(amplitude and phase). Since the phase component encodes optical path length and refractive index variations, DH enables label-
free, quantitative imaging and metrology. This capability has found broad applications across scales, ranging from cell morphology 
and microfluidics [3,4] to particle characterization and industrial inspection [5,6]. However, traditional reconstruction methods, 
such as Fresnel diffraction or angular spectrum propagation, face inherent limitations. They rely heavily on precise knowledge of 
physical parameters and often suffer from artifacts like the twin-image problem and phase wrapping, which degrade image quality 
and hinder real-time deployment [7–9]. Although many of these challenges can be mitigated through established techniques, such 
as off-axis recording [2], phase-shifting holography [10,11], phase-unwrapping algorithms [12,13], and iterative reconstruction 
methods [14], these solutions often require additional measurements, a precise calibration process, increased hardware complexity, 
or computationally intensive optimization procedures. Consequently, maintaining reconstruction quality, robustness, and real-time 
performance under practical imaging conditions remains an active research challenge.

The introduction of deep learning (DL) techniques into DH represents a paradigm shift aimed at overcoming these fundamental 
challenges by learning complex mappings directly from measurement data. As detailed in previous overviews [7,15,16], early 
explorations in applying DL to DH have predominantly adopted supervised, data-driven approaches. Fig.  1 sketches a typical DL-
assisted DH workflow: an object is imaged by an optical system to form a hologram 𝐼 , which is processed by a neural network 𝑓𝜃(⋅)
to produce an estimate 𝑦̂ of the target quantity. During the training stage, the network parameters 𝜃 are iteratively optimized 
by minimizing loss functions that quantify discrepancies between network predictions 𝑦̂ and ground truth labels 𝑦𝐺𝑇 . These 
labels may come from predetermined patterns with known characteristics [17], outputs of classical physics-based reconstruction 
methods [18–20], or other imaging modalities such as bright-field microscopy [21]. This end-to-end learning approach allows the 
network to discover complex transformations directly from holographic measurements, without explicit analytical modeling of the 
underlying wave propagation.

Upon completion of training, the resultant network can efficiently address various inverse problems in DH with a single forward 
pass, offering solutions for previously unseen input data with superior speed and often improved accuracy compared to conventional 
methods. This framework has been successfully applied across all common DH configurations for a broad spectrum of tasks, including 
amplitude and phase retrieval [4,17], object detection and identification [22,23], and fluidic flow characterization [24,25].

Despite these significant advancements, early DL-assisted DH methods face several important challenges. A primary bottleneck is 
the requirement for large amounts of registered training data. Acquiring sufficiently diverse holograms 𝐼 paired with accurate ground 
truth labels 𝑦𝐺𝑇  demands considerable experimental resources. Moreover, the lack of explicit physical constraints makes many net-
works operate as ‘‘black boxes’’: they learn statistical mappings that may suppress noise and artifacts but do not necessarily enforce 
underlying physical imaging principles. This interpretability gap can impede adoption in domains requiring rigorous validation, 
particularly in biomedical applications where diagnostic decisions demand transparent reasoning [26]. Furthermore, holograms are 
inherently information-rich measurements that encode complex phase and amplitude distributions on intricate interference patterns. 
Effectively exploiting this information richness necessitates deeper and more sophisticated network architectures. These challenges 
have motivated continuous research efforts in DL techniques for broadening their effective application.

Differing from the previous reviews that primarily focused on the feasibility and early successes of DL-assisted DH [7,15,16], this 
review adopts a thematic perspective centered on recent advances in DL methodologies aimed at addressing the challenges outlined 
above. Rather than providing an exhaustive survey of all DL-related studies in DH, we focus on representative methodological 
developments and emerging trends. As summarized in Fig.  1, three tightly connected directions are reviewed in detail: (i) innovative 
training strategies designed to overcome data scarcity; (ii) the integration of physical priors to enhance interpretability, peaking at 
the paradigm of differentiable imaging; and (iii) advanced network architectures tailored for the rich feature content of holographic 
data. By synthesizing these technical advancements, we aim to provide a clear roadmap of the evolving DL toolkit available to the 
holography community and conclude with a forward-looking perspective on promising future research directions. It should be noted 
that the scope of this review is primarily focused on DL-assisted digital holographic imaging and related applications. Topics such 
as computer-generated holography (CGH) and holographic display systems are beyond the scope of the present review. 
2 



Y. Zhang et al. Progress in Quantum Electronics 109 (2026) 100638 
Fig. 1. Overview of DL-assisted digital holography (DH). The figure summarizes representative hologram acquisition configurations, the general 
DL-assisted DH workflow, major application scenarios, and the methodological developments covered in this review, including strategies for 
overcoming data limitations, incorporating physical priors for interpretability, and designing advanced network architectures. BS: Beam Splitter; 
BE: Beam Expander; M: Mirror.

2. Recent advancements in DL methodologies for DH

2.1. Addressing data scarcity: Innovative training strategies

As outlined in the Introduction, a central challenge for applying DL in DH is the limited availability of sufficiently annotated 
datasets, especially for early end-to-end supervised schemes. These supervised methods rely on paired holographic measurements 
and their ground truth target labels. The ground truths are typically obtained from predetermined patterns with known charac-
teristics (e.g., patterns displayed by spatial light modulators) [27], traditional reconstruction methods such as multi-height phase 
retrieval [18,28–30], or off-axis setups with spectrum filtering [31–33].

To alleviate this dependence on large, precisely matched datasets, recent works have developed innovative training strategies and 
generative models for synthetic data. Among these, Deep Transfer Learning (DTL) has emerged as a powerful paradigm, enabling 
knowledge transfer from data-rich source domains to data-scarce holographic targets. Based on knowledge transfer mechanisms, 
DTL methodologies in DH can be broadly categorized into two types that have demonstrated practical utility: adversarial-based and 
network-based approaches [34,35].

2.1.1. Adversarial-based DTL
The adversarial-based DTL employs adversarial technology to discover transferable representations that are effective for the 

primary learning task while being indistinguishable between the source and target domains. The underlying principle is that an 
ideal representation should be discriminative for the task (e.g., reconstruction) but indiscriminate across domains (e.g., synthetic 
vs. real holograms). This approach is particularly effective for training with unpaired datasets. For instance, Yin et al. [27] and Sun 
et al. [30] effectively learned the mapping function between unpaired holograms and phase/amplitude images. Although differing 
in specific network structures, both methods utilize the CycleGAN architecture, incorporating adversarial loss and cycle consistency 
loss [37]. As shown in Fig.  2(a), in the standard CycleGAN framework, two generators and two discriminators are trained jointly. 
3 
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Fig. 2. Examples of DTL-based DH reconstruction methods. (a) Standard CycleGAN [27,30] consists of two sets of generators and discriminators. 
(b) Physics-informed CycleGAN [36], where one generator in standard CycleGAN is replaced with the fixed parameterized physical forward model. 
Dashed arrows denote the training-related paths, while solid arrows indicate the inference-related process. During training, the adversarial and 
cycle-consistency losses are jointly back-propagated to optimize the network components. For clarity, the complete gradient propagation paths 
associated with the loss functions are not explicitly shown in the diagram.

Generator 𝐺𝜃 maps phase/amplitude images to holograms for reconstruction, while the other generator 𝐺𝜙 generates synthetic 
holograms from phase/amplitude images. Two discriminators, 𝐷𝐻  and 𝐷𝑂, are responsible for distinguishing between measured 
and synthetic signals in the holographic and object domains, respectively. The adversarial losses (𝐻

𝐺𝐴𝑁  and 𝑂
𝐺𝐴𝑁 ) from the two 

GAN networks force the generators to produce outputs that are indistinguishable from real samples in both domains. At the same 
time, the cyclic consistency loss (𝑐𝑦𝑐𝑙𝑒) enforces consistency between the original samples and those reconstructed after a round-trip 
domain translation. In this way, CycleGAN can be trained using unpaired datasets drawn independently from the holographic and 
object domains. This effectively relaxes the requirement for a strict one-to-one correspondence between holograms and their labels, 
alleviating the burden of data collection. In Fig.  2(b), Lee et al. [36] replaced one of the generators in the standard CycleGAN 
4 
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Fig. 3. Network-based DTL for DH. A network pre-trained on large-scale outsourced data provides a transferable feature extractor, which is 
adapted to hologram inputs through finetuning with partially frozen layers. This approach enables effective DH tasks with limited labeled data, 
including MPs [23], plankton (adapted with permission from Ref. [38] under terms of the CC-BY license 4.0), and cancer cell classification 
(adapted with permission from Ref. [39] under terms of the CC-BY license 4.0).

framework with the fixed parameterized physical forward model. It enables the network to adapt to deterministic perturbations in 
holographic configurations, such as changes in hologram distances, pixel size, and illumination wavelength [36].

2.1.2. Network-based DTL
The network-based DTL involves reusing knowledge encapsulated within a pre-trained network. Fig.  3 demonstrates an overview 

of the Network-based DTL framework for DH. The core idea is that the initial layers of a deep network, often trained on a large-scale 
dataset like ImageNet, act as versatile feature extractors that capture generic hierarchical features (e.g., edges, textures, shapes). 
This pre-trained knowledge can be transferred to a new task by freezing these layers and training only the final layers, or by fine-
tuning the entire network on the new, smaller dataset. To compensate for the small size and imbalanced distribution of holographic 
datasets, several studies have leveraged this approach. Zhu et al. [23] and MacNeil et al. [38] leveraged pre-trained deep neural 
network (DNN) on large, publicly available datasets like ImageNet to extract generic features, providing a robust baseline for feature 
recognition from holograms. The networks were then fine-tuned to achieve challenging classifications of small particles in aquatic 
environments: Zhu et al. [23] applied them on microplastics detection, while MacNeil et al. [38] focused on plankton. By employing 
DTL, both achieved classification accuracy comparable to supervised learning methods but with fewer labeled data and significant 
reductions in training time. Moreover, the reliance on large labeled datasets of pre-trained network can be further alleviated through 
the integration of self-supervised learning strategies, which exploit abundant unlabeled holographic or related data to learn robust 
representations without manual annotation. For example, in classifying elliptical cancer cells, Rehman et al. [39,40] adopted a 
network-based DTL approach. However, instead of using a network pre-trained on labeled holographic datasets, they first pre-trained 
the feature extractor (ResNet-50) on unlabeled data using a combination of self-supervised learning frameworks, such as contrastive 
learning, SwAV framework [41], and Barlow Twins [42]. This combined approach significantly reduced the reliance on large labeled 
datasets while achieving classification accuracy comparable to that of supervised learning methods.

It is important to note that these DTL categories are not mutually exclusive. In practice, hybrid approaches that combine multiple 
techniques can be potentially employed to maximize performance and address the challenges of data scarcity in DH [43].

2.2. Enhance interpretability: Physical prior-based optimization

Another significant challenge is the ‘‘black-box’’ nature of DL networks, which makes it difficult to understand their decision-
making processes. This lack of transparency poses significant barriers to building trust and promoting adoption, particularly in 
critical domains such as clinical and scientific applications. To address this, domain-specific knowledge, such as fundamental 
physics principles, can be directly incorporated into DL networks in the form of physical priors. We classify those physical 
priors into two categories: strong priors and weak priors. As summarized in Fig.  4, these priors can be incorporated into DL 
frameworks through three main components: data, network, and optimization. In the following, we first examine strong priors, 
5 
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Fig. 4. Overview of physical-prior integration in DL-assisted digital holography (DH). Physical knowledge can be incorporated as either strong 
priors or weak priors through three major components of the deep learning pipeline: data, network, and optimization.

which explicitly incorporate physical models into the learning process through physics-driven data synthesis, physics-embedded 
network architectures, and physics-network co-design strategies. We then discuss weak priors, which introduce broader forms of 
physical guidance through data and label engineering, network architecture design, and optimization objectives.

2.2.1. Strong priors
Strong priors refer to domain knowledge derived from explicit physical models that accurately describe the imaging process. 

In holography, these include wave propagation models and sensor noise statistics [1]. As summarized in Fig.  4, strong priors are 
primarily incorporated through data generation and network design. At the data level, physical models can be used to generate 
physics-compliant synthetic datasets for data augmentation and pre-training. At the network level, physical knowledge can either 
be embedded directly into network architectures through physics-embedded networks or incorporated through physics-network 
co-design strategies. The subsequent discussion is organized according to this taxonomy.
2.2.1.1. Physics-driven data synthesis.  When experimental data is scarce, synthetic datasets generated from physical forward models 
provide physically consistent training exemplars. When the dataset is sufficiently large and the neural network is expressive and 
properly trained, the network can approximate the behavior of the physical laws that govern the data generation process.

For example, simulated datasets can be synthesized using physical forward models. Since the fundamental cause of unwanted 
conjugate images in holographic reconstructions stems from the missing phase in intensity-only holograms, Nagahama et al. [44] 
trained the network using synthetic complex-valued holograms based on wave propagation to add phase information to holograms. 
They generate paired training samples by simulating inline holography system with random object masks combined with textures. 
To handle phase discontinuities, the synthetic complex amplitudes are encoded into three-channel inputs (amplitude, cosine-phase, 
sine-phase). The network, trained exclusively on this synthetic dataset, successfully generalizes to real experimental holograms, 
achieving increased PSNR in 8.37 dB and 9.06 dB PSNR gain in amplitude and phase reconstruction, respectively.

Similarly, Huang et al. [45] generated synthetic holograms from artificial random images with no resemblance to real-world 
samples using free-space wave propagation via angular spectrum methods. It then enforced physics-consistency loss between input 
holograms and those predicted from the network’s output complex fields. After training, without any exposure to real samples 
or experimental data, it achieves zero-shot generalization to experimental biological holograms (e.g., human tissues, Pap smears), 
reconstructing high-fidelity phase and amplitude images while inherently learning wave-equation compatibility [45]. This approach 
also demonstrates resilience to physical perturbations (e.g., unknown axial shifts, pixel-size changes, illumination wavelengths) by 
encoding physics directly into the network through synthetic dataset [45].
2.2.1.2. Physics-embedded network.

Directly embedding physical equations into the computational pipeline creates hybrid schemes with inherent interpretability [46,
47]. Within this framework, two principal strategies have emerged: physics-unrolled networks, where physical models shape the 
network architecture itself, and network-assisted inference, where DNNs are integrated into physics-based iterative solvers as 
learned update rules.

Physics-unrolled networks use physical knowledge to design specialized network architectures that perform the entire inference 
process. Rather than employing off-the-shelf DNNs, these architectures are tailored to the problem by mimicking model-based 
6 
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Fig. 5. Examples of DIP-based iterative reconstruction methods. (a) Standard framework of DIP-based holographic reconstruction. A fixed random 
tensor [53,54] or the measured hologram [55,56] is used as the network input. The reconstructed object generated by the DNN is passed through 
a physical forward model to synthesize a hologram, and the network parameters are iteratively optimized by minimizing an objective function 
that promotes agreement between the synthetic and measured holograms. (b) Physics-aware diffusion reconstruction [57]. A pretrained diffusion 
model is employed as a generative prior, while the holographic imaging physics is incorporated into the iterative sampling process through a 
data-consistency constraint to guide the reconstruction.

algorithms. The process involves identifying a relevant algorithm or flowchart structure for the problem, breaking it into distinct 
building blocks, and replacing each block with a dedicated sub-network designed to perform the specific task or computation of 
that block. These blocks can then be trained either end-to-end using a joint objective function or sequentially by optimizing each 
block. If the algorithm can be divided into sequential building blocks, where each block corresponds to a single layer in the DNN, 
the method is called deep unfolding [48] or deep unrolling [49–51].

For example, Chen et al. [25] proposed MB-HoloNet, which uses algorithm unrolling to embed strong physical knowledge directly 
into the network. By structuring each stage to correspond to an iteration of a physics-based solver, it incorporates the exact physical 
forward model as a non-trainable layer. This ensures each step of the reconstruction process is constrained by the laws of propagation 
physics, rather than relying on the network to learn them from scratch. Zhang et al. [52] introduced PSHoloNet, a physics-informed 
DL framework for holographic reconstruction in photon-starved conditions. The network’s architecture is designed by unrolling the 
Alternating Direction Method of Multipliers (ADMM), embedding a strong physics prior directly into the network by transforming 
the algorithm’s update steps into distinct layers. Specifically, the network incorporates the physics of wave propagation through 
a fixed layer that implements the holographic diffraction kernel, and it models the unique Poisson noise statistics of the quanta 
image sensor in another dedicated update layer. While these parts of the network are based on the explicit physical model, the 
regularization step of the algorithm is replaced by a trainable DNN, allowing the system to learn complex, data-driven priors. This 
hybrid design enables robust wavefront reconstruction from extremely noisy, single-photon level measurements.

Network-assisted inference, on the other hand, integrates DNNs into traditional model-based methods, where the inference 
process remains rooted in iterative algorithms, but DNNs are used to enhance, assist, or replace specific intermediate computations. A 
notable example is the Deep Image Prior (DIP) concept, or more broadly, untrained neural network priors, which enable unsupervised 
reconstruction without requiring pre-training on large datasets. The fundamental idea of DIPs is that the architecture of a randomly 
initialized DNN inherently encodes sufficient prior information to capture the statistical regularities of natural objects. This prior is 
integrated into traditional optimization frameworks for solving holographic inverse problems, such as reconstructing the complex 
amplitude (phase and amplitude) from intensity-only measurements.

Several studies have demonstrated the feasibility of DIP-based approaches for holographic imaging. Specifically, DeepDIH [53] 
and PhysenNet [55] showcase the feasibility of standard DIP-based approaches in holographic imaging. As shown in Fig.  5(a), a 
fixed random tensor [53,54] or the measured hologram [55,56] is used as the network input. The reconstructed object generated 
by the DNN is numerically forward-propagated through the known physical model of holographic system to synthesize a hologram. 
Then the network’s weights and biases are iteratively adjusted by minimizing the objective function, which calculates the difference 
7 
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(e.g., mean squared error) between the simulated hologram and the actual measured input. As a result, DIP-based methods operate 
in an unsupervised manner, eliminating the need for pre-training on extensive labeled datasets.

To further improve robustness and mitigate overfitting, subsequent works have incorporated additional regularization strategies 
and learned priors. Niknam et al. [54] incorporated explicit handcrafted regularization terms, such as bound constraints, weight 
decay, and periodic random perturbations, to prevent overfitting and improve robustness against noise. Alternatively, Galande 
et al. [56] addressed overfitting to interference-related noise by integrating an explicit regularization-by-denoising term into the 
optimization process via the ADMM. More recently, Zhang et al. [57] proposed a physics-aware diffusion model (PadDH) that 
integrates pretrained generative priors (diffusion models) into the reconstruction process. As demonstrated in Fig.  5(b), during each 
diffusion sampling step, the current object estimation is propagated through the holographic forward model to generate a synthetic 
hologram. The discrepancy between the synthetic and measured hologram is then used to compute a data-consistency gradient, 
which serves as a physics-aware correction term for the diffusion sampling process. By combining the learned generative prior 
embedded in the pretrained diffusion model [58] with this physics-based correction step, PadDH [57] guides the sampling process 
towards solutions that are both physically consistent with the measurements and compatible with the learned image prior. As a 
result, PadDH [57] exhibits enhanced robustness under noisy measurement conditions.
2.2.1.3. Physics-network co-design.
Differentiable imaging (DI) is a computational imaging paradigm in which the entire physical optical system — from illumination 
and wave propagation to sensing and image formation — is mapped onto a differentiable computational graph [59,60]. By expressing 
each stage of the optical pipeline as a differentiable operator, gradients can be back-propagated through the complete system, 
enabling gradient-based joint optimization of both the reconstruction target and the underlying physical system parameters. Unlike 
physics-embedded networks that incorporate selected physical equations into a fixed network architecture, DI is not a neural-network 
architecture itself; rather, it serves as a physics-network co-design framework in which physical models and neural networks are 
jointly optimized, maintaining physical consistency throughout the entire process [59].

In the context of DH, this requires constructing differentiable wave propagation operators that accurately simulate the physics 
of light diffraction and interference [61]. Consider a holographic imaging system where the measured hologram 𝐼 is related to the 
object field 𝑢0 through a forward operator 

𝐼 = | (𝑢0; 𝜃sys)|
2 + 𝑛, (2)

where 𝜃sys encapsulates system parameters including propagation distance, wavelength, pixel size, and illumination characteristics, 
while 𝑛 represents measurement noise. Traditional reconstruction approaches treat 𝜃sys as fixed quantities determined from nominal 
specifications or through separate calibration procedures. In contrast, differentiable imaging treats both the object field 𝑢0 and 
system parameters 𝜃̂sys as jointly optimizable variables, minimizing a composite loss function 

 = data
(

𝐼, | (𝑢0, 𝜃̂sys)|
2) +

𝑁
∑

𝑖=1
𝑖(𝑢0), (3)

where data quantifies data fidelity between measured and forward-modeled holograms, and 𝑖 represents physics-informed or 
data-driven regularization terms that encode prior knowledge about the object field. Typical examples include total variation (TV) 
regularization for promoting smoothness [62], sparsity constraints for suppressing noise and artifacts [63], and support constraints 
that restrict the solution to physically feasible regions [64].

The technical foundation enabling this approach is automatic differentiation through the forward model  . Using modern 
automatic differentiation frameworks such as PyTorch, TensorFlow, and JAX allows efficient computation of gradients of the loss 
function with respect to all optimization variables via the chain rule, including both reconstruction and system parameters [25]. 
When hologram formation operators are implemented as differentiable operations within these frameworks, backpropagation 
seamlessly flows through the entire computational pipeline: from measured data through the physical forward model, into 
the reconstruction space, and back through parameter updates [61]. Such differentiability transforms what was traditionally a 
multi-stage process involving separate calibration, forward modeling, and reconstruction into a unified optimization problem.

The differentiable imaging framework has demonstrated transformative capabilities across diverse holographic imaging applica-
tions [59,60,65].

Calibration-free reconstruction: When system parameters are unknown or inaccessible, differentiable holography treats key 
factors, including the object–sensor distance, illumination wavefront characteristics, and optical aberrations, as optimization 
variables instead of fixed, pre-calibrated parameters [61]. This approach maintains experimental simplicity by eliminating the need 
for extensive calibration procedures that are often impractical in dynamic or field-deployed systems, while simultaneously ensuring 
robust adaptability across varying experimental configurations. For instance, in lensless holographic imaging, an integrated pixel-
super-resolution (PSR) approach extends this paradigm by jointly optimizing sub-pixel sensor positions and defocus distances as 
learnable parameters [66], thereby achieving resolution beyond the physical sensor limitations without requiring precise mechanical 
alignment.

Physics-aware modeling of complex phenomena: Differentiable imaging excels at handling sophisticated physical interactions 
that challenge traditional simplified models. In differentiable 3D particle imaging, for example, the framework explicitly addresses 
multiple scattering effects by incorporating accurate wave interaction models into the forward propagator [67]. Rather than relying 
on conventional linearized Born approximations that assume weak single scattering, this approach captures the full complexity of 
object-light interactions through differentiable electromagnetic wave propagation, enabling accurate reconstruction even at high 
particle concentrations where multiple scattering dominates [25,68]. This capability opens new regimes of measurement previously 
inaccessible to conventional holographic methods.
8 
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2.2.2. Weak priors
Weak priors are less rigid than strong priors but are still rooted in universal physical properties. Unlike strong priors, which 

explicitly integrate the physical model into the reconstruction process, weak priors encode the general structural characteristics of 
the imaging problem without requiring a strict mathematical description of the forward model. These priors are useful in scenarios 
where the physical laws are only partially understood or where domain knowledge exists in the form of broad structural assumptions 
rather than exact governing equations.

As summarized in Fig.  4, weak priors can be incorporated in different components of the DL framework, including data 
representation, network architecture design, and optimization objectives.

At the data level, weak priors can be introduced through data and label engineering, where prior knowledge is embedded into 
the representation of training samples rather than the network architecture itself. In this method, a simplified physical model or 
heuristic is encoded directly into the training data, particularly the target labels. This strategy guides a standard DL network to 
produce physically meaningful predictions without altering its core architecture. A prominent example of this technique is the 
adaptation of YOLO-based object detection methods for 3D particle tracking in holographic imaging. In this context, a simplified 
physical relationship is established where the axial depth (𝑧) of a particle is proportional to the apparent size of its diffraction 
pattern in the hologram. The training labels are then engineered such that a bounding box is drawn around the particle, with its 
center indicating the lateral (𝑥, 𝑦) coordinates and its size programmatically set as a function of the axial depth (𝑧). This cleverly 
encodes three-dimensional spatial information into a format digestible by a 2D object detection network.

Building on this idea, several advanced frameworks have successfully implemented data-engineering strategies to infer volumetric 
information from 2D holograms. The CATCH framework, for example, integrates a YOLOv5-based localizer network with an 
estimator network [69,70]. The localizer identifies particle features and produces bounding boxes encoding the (𝑥, 𝑦) coordinates 
and depth (𝑧), while the estimator simultaneously predicts other continuous properties like particle radius and refractive index. Both 
networks are trained jointly on synthetic data generated from Lorenz-Mie theory, thus integrating a foundational physical model. 
Expanding on this, the OSNet [24] directly retrieves the volumetric distribution of particles from a single feed-forward process, 
which eschews the beforehand reconstruction and post-processing operations. Zhang et al. [71] employ the YOLOv7 network to 
generate precise regions of interest (ROIs). Notably, to address semantic information loss for small particles (less than 40 μm), the 
hologram is partitioned into smaller patches as inputs to the network. The axial position is subsequently determined by identifying 
the maximum variation in pixel intensity gradients along the axial direction. This is followed by cluster-based segmentation, inspired 
by the fluctuation features between particles and the background, to recover the precise boundaries of the in-focus particles.

At the network level, weak priors are commonly incorporated through network architectures that reflect general structural 
properties of holographic data. A common strategy for implementing weak priors is to encode known physical properties directly 
into network architectures. For instance, networks can be designed to be invariant or equivariant to transformations like translation, 
rotation, or permutation, which are common in physical systems. A notable example is the convolutional neural network (CNN), 
which aligns with physical principles of locality and translational equivariance. CNNs process information through localized 
receptive fields and shared convolution kernels, enabling efficient extraction of spatially correlated features while preserving 
translational consistency. As a result, CNNs have become the dominant architectural backbone in DL-assisted DH [7,8].

Recurrent neural networks (RNNs) [72] offer another means of embedding weak priors by modeling sequential dependencies. 
In holographic imaging, RNNs are well-suited for processing holographic data acquired across multiple axial planes, as they can 
sequentially fuse complementary information from each plane. Their temporal-memory mechanism mirrors the evolution of physical 
systems over time and allows the network to fuse depth-dependent features into a coherent representation. Huang et al. [73] 
leveraged this property by feeding a sequence of holograms captured at different axial distances into an RNN, incrementally 
combining in-focus information to achieve extended depth-of-field reconstruction.

Weak priors can also be incorporated through optimization objectives. Instead of explicitly embedding a physical forward model, 
prior knowledge may be enforced through regularization terms that encourage desired structural properties, such as sparsity [63], 
smoothness [62], continuity, or geometric consistency [64]. These objectives act as soft constraints during training, steering the 
network toward physically plausible solutions.

Overall, DH relies on the principles of light-wave propagation, interference, and diffraction, all of which are governed by well-
defined mathematical frameworks, such as the wave equation, Fresnel diffraction, and Fourier optics [1]. These physical principles 
provide a rich source of prior knowledge that can be incorporated into DL-assisted DH through both strong and weak priors. Such 
priors bridge the gap between data-driven learning and physical modeling, providing enhanced interpretability.

2.3. Superior feature representation: Advanced network architectures

Beyond training strategies and physical priors, the high information content intrinsic to holograms has also driven innovations 
in network architecture. Because holograms encode complex amplitude and phase information with high information density across 
large spatial dimensions, the limitations of traditional CNNs have motivated a shift toward more advanced architectural designs 
aimed at improving representational capacity and reconstruction performance.

One key direction involves explicitly separating distinct physical quantities within the network architecture. For instance, 
by extending the output channels, Wang et al. developed Y-Net [32] and Y4-Net [31] for simultaneous complex amplitude 
reconstruction in single-wavelength and dual-wavelength DH, respectively. In Y-Net, a shared encoder first extracts common features 
from the input hologram and then branches into two task-specific decoders, as illustrated in Fig.  6(a). One decoder is dedicated to 
reconstructing the intensity map, and the other is dedicated to the phase map. This design acknowledges that while intensity and 
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Fig. 6. Conceptual illustration of key components in representative advanced network architectures used in DL-assisted DH. (a) Y-Net [32] and 
its variants employ a shared encoder to extract common features from the input hologram, followed by task-specific decoders for reconstructing 
intensity and phase maps separately. (b) Fourier Neural Operator (FNO) [74] combines a spectral transformation (FFT–multiplication–IFFT) with 
a parallel linear transformation in the spatial domain, followed by feature fusion and non-linear activation. (c) TransFocusNet [75] partitions a 
hologram into patch tokens and employs multi-head self-attention to capture long-range spatial dependencies and global contextual information 
across the entire field of view.

phase are derived from the same hologram, they are distinct physical quantities. By giving them separate reconstruction paths, the 
network can learn specialized features for each task, preventing the learning process for one from interfering with the other and 
ultimately improving the accuracy for both. Meanwhile, the shared encoder allows information useful to both tasks to be learned 
jointly, improving feature utilization and training efficiency. Y4-Net [31] provides a direct and intelligent evolution of this concept 
for the more complex problem of dual-wavelength holography. It retains the Y-Net’s core structure but expands the two output paths 
to each have two channels. This creates a one-to-four network that simultaneously reconstructs complex-valued object information 
under two wavelengths.

Another significant architectural shift moves from the local, spatially-bound processing of CNNs to global analysis in the 
frequency domain. To this end, Chen et al. [28,29] introduced spatial Fourier transform modules, based on the Fourier Neural 
Operator (FNO), to enhance the network’s generalization capabilities. The core working principle of FNOs is parameterizing the 
integral kernel of a neural operator directly in the Fourier domain. Based on the convolution theorem, which states that a convolution 
in the spatial domain corresponds to a multiplication in the Fourier domain, FNO replaces the convolution operation used in CNNs 
10 
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with a Fourier-based linear transformation to extract implicit features. Specifically, as shown in Fig.  6(b), a FNO consists of a 
Fourier transform, spectral multiplication with learnable weights, and an inverse Fourier transform, which are combined with a 
parallel linear transformation in the spatial domain. This design grants the network to process the spatial frequencies of the entire 
input at once and capture global context more efficiently than standard convolutions. Such a global receptive field is particularly 
useful for DH because wave propagation and interference are inherently global physical processes.

Originally developed for natural language processing to capture global information and long-range dependencies, Transform-
ers [76–78] have recently been adapted for holographic analysis. Li et al. [75] introduced TransFocusNet, which applies the Vision 
Transformers (ViTs) [78] architecture to the real-time analysis of crystalline structures using an in-line infrared DH system. Unlike 
CNNs, which primarily extract information through local convolutional kernels, ViTs partition the input hologram into patches and 
represent them as token sequences, as illustrated in Fig.  6(c). These tokens are processed by multi-head self-attention modules that 
enable direct interactions between spatially distant regions of the hologram. By effectively capturing long-range correlations and 
complex structural information, TransFocusNet [75] facilitates the monitoring of microstructural evolution during crystal growth 
and the detailed examination of microstructures and interlayer relationships in 2D materials.

Overall, by incorporating task-specific decoupling, global frequency-domain processing, and attention-based mechanisms, 
advanced network designs achieve superior feature representation of holographic data.

3. Outlook

The rapid evolution of modern DL methodologies is not only improving the performance of existing DH systems but also 
reshaping how holographic imaging systems are designed and deployed. Looking ahead, emerging trends suggest that DL will play 
an increasingly central role in expanding DH sensing capabilities under unconventional and extreme acquisition conditions, serving 
as the computational core of multimodal holographic imaging systems, and enabling the joint optimization of optical hardware and 
computational algorithms.

3.1. DL-assisted sensing for unconventional and extreme acquisition conditions

DH faces fundamental challenges when deployed under demanding conditions, such as challenging illumination or extreme 
environments ranging from cryogenic or high-radiation environments to low-photon or non-visible spectral regimes (infrared, 
terahertz, or X-ray) [52,79–82]. Conventional cameras, with their frame-based exposure, are inherently limited in temporal 
resolution and dynamic range. As a result, maintaining the calibration, coherence, and phase accuracy required for high-quality 
holographic reconstruction becomes difficult, as evidenced by early efforts in cryogenic quantum-fluid holography [83] and infrared 
holography through smoke and flames [84].

To push holography into these unconventional regimes, integration with next-generation imaging sensors has become a key 
enabling strategy. Event cameras, operating through computational neuromorphic imaging, provide asynchronous, microsecond-
scale response with exceptional dynamic range, fundamentally breaking from the limitations of frame-based acquisition [85]. These 
properties allow blur-free, sub-millisecond holographic field recovery, exemplified by recent NeuroDH demonstrations [86,87]. In 
parallel, quanta image sensors [88] and single-photon avalanche diode [89] arrays enable holographic capture into photon-starved 
conditions, while also supporting high-speed temporal resolution unattainable by conventional detectors [52,90]. Together, these 
technologies represent a growing ecosystem of sensors tailored for extreme or non-standard optical conditions.

However, the diversity of their outputs, including asynchronous spike streams, sparse photon counts, and modality-dependent 
noise characteristics, creates a second challenge: how to synthesize these disparate measurements into a unified, coherent 
holographic representation. DL provides a natural computational core for such fusion, offering the ability to integrate asynchronous 
events, denoise ultra-low-photon measurements, compensate for modality-specific artifacts, and exploit priors learned from data 
or physical models. DL-assisted reconstructions can effectively convert the hardware’s unconventional sampling patterns into high-
fidelity holographic fields, enabling performance that would otherwise be unattainable. Therefore, DL is expected to play a critical 
role in enabling the integration of emerging sensing hardware into future DH systems. The resulting synergy between advanced 
sensing technologies and DL-based computational frameworks will broaden the operational range of DH, enabling reliable operation 
under challenging acquisition conditions and extending holographic measurements to scenarios that are difficult to access using 
conventional imaging hardware.

3.2. DL as the computational core of multi-modality DH

Multi-modality or cross-modality DH has evolved to leverage the strengths of diverse imaging modalities synergistically. 
Examples include Raman scattering holography [91], speckle holography [92,93], fluorescence holography [94], polarization holog-
raphy [95,96], holographic optical coherence tomography [97], hyperspectral holography [98,99], and photoacoustic holographic 
imaging [100]. By incorporating multiple imaging schemes or various optical field modulation methods, multi-modality DH provides 
richer image features and enhances information complementarity. This fusion enables simultaneous probing of structural, chemical, 
and physical properties, offering a more comprehensive characterization than any single modality alone.

This complementary nature has already demonstrated clear advantages across a range of applications. For instance, the 
combination of holographic and polarization features enables simultaneous acquisition of multi-dimensional characteristics of 
samples, such as material composition, morphology, oxidation level, and refractive index, thus offering a powerful technical tool 
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for particle detection, including microplastic pollutant monitoring [95]. Similarly, Raman scattering holography can capture the 
chemical fingerprints and morphological information of samples, thereby accurately supporting applications such as 3D localization 
and tracking of individual nanoparticles in living cells, tissue and cell detection, and anti-counterfeiting [91]. Beyond improving 
imaging quality, these multi-modal approaches establish a more robust data foundation for downstream analysis and identification 
tasks.

However, the benefits of multi-modality come with significant computational challenges. The resulting data streams are often 
massive, heterogeneous, and high-dimensional, making it difficult to fuse cross-modal features, align heterogeneous data, and extract 
meaningful information in a unified manner. Traditional, hand-engineered pipelines struggle to scale with this complexity, limiting 
the practical deployment of multi-modal DH systems.

DL emerges as the indispensable computational core to overcome these barriers. Its ability to automatically learn hierarchical 
features from raw, high-dimensional data makes it uniquely suited for multi-modality fusion, reconstruction, and analysis. Though 
not yet deeply or widely adopted, pioneering attempts have recently been made in DL-assisted multi-modality DH. For instance, 
Zhu et al. [101] developed SPLASH (smart polarization and spectroscopic holography), which simultaneously acquires polarization 
states (angle of polarization, degree of linear polarization), holographic features, and texture information without requiring physical 
spectroscopic instrumentation. Huang et al. [102,103] developed computational polarized holography to automate microplas-
tic monitoring in scattering environments. Chen et al. [104] integrated dispersion-encoded holography and DL to reconstruct 
spectral channels from compressed data, enabling particle identification from fused spectral and 3D morphological features. 
Takahashi et al. [105] merged holography with Raman spectroscopy, using DL-driven fusion to achieve label-free marine particle 
clustering.

These studies point toward the transformative potential of compact multi-modal DH hardware with DL-based computational 
frameworks. The inherent capability of DNNs to automatically extract relevant features from complex, high-dimensional data makes 
them ideally suited for processing the rich information content generated by multi-modality holographic systems. This combina-
tion enables end-to-end learning of optimal feature representations that may transcend human-engineered features, potentially 
discovering subtle physical–chemical correlations that remain obscured in conventional analyses. Furthermore, DL approaches can 
effectively address challenges in multi-modality data registration, fusion, and interpretation, while simultaneously enhancing system 
performance through improved reconstruction quality, robust classification in scattering environments, and accelerated processing 
speeds. Such technological convergence will not only advance environmental monitoring and biomedical imaging but also open new 
possibilities for intelligent material characterization.

3.3. Differentiable imaging toward scalable and intelligent DH

As summarized earlier in this review, differentiable imaging is a computational imaging paradigm in which the entire physical 
optical system is mapped onto a differentiable computational graph [59,60]. By expressing each stage of the optical pipeline as a 
differentiable operator, this approach enables gradient-based joint optimization of optical systems and reconstruction algorithms. 
However, several fundamental challenges continue to limit its broader applicability. Addressing these challenges while integrating 
differentiable imaging with emerging AI paradigm will be essential for realizing scalable, efficient, and intelligent holographic 
systems.

Computational complexity remains a primary bottleneck. Differentiable physics simulations, particularly for full 3D electro-
magnetic wave propagation, can be orders of magnitude slower than forward passes through purely data-driven DNNs. Achieving 
real-time performance requires careful trade-offs between physical fidelity and computational efficiency through strategic approx-
imations, GPU acceleration, and hybrid architectures that combine learned components with differentiable physics. Additionally, 
certain physical phenomena, such as discrete processes, non-differentiable operations (e.g., saturation and clipping), and intrinsically 
stochastic dynamics, pose fundamental challenges for gradient-based optimization and therefore require specialized approaches, 
including stochastic gradient estimation and relaxation strategies.

Uncertainty management represents another important dimension where differentiable imaging can make a distinctive contribu-
tion. Because the entire physical optical system is expressed as a differentiable computational graph, measurement uncertainty 
arising from detector noise, system perturbations, or imprecisely known physical parameters can be systematically propagated 
through the pipeline. Jacobian-based sensitivity analysis, made computationally tractable by automatic differentiation, allows the 
contribution of each uncertainty source to be quantified at the output; alternatively, Bayesian formulations within the differentiable 
framework enable posterior distributions over reconstruction targets and system parameters to be estimated jointly [60]. This stands 
in marked contrast to conventional multi-stage reconstruction pipelines, in which uncertainty is difficult to trace through non-
differentiable intermediate steps. Principled uncertainty quantification is especially valuable in biomedical imaging and precision 
metrology, where calibrated confidence estimates for reconstructed quantities are as important as the reconstructions themselves.

Beyond these technical hurdles, differentiable imaging offers a principled foundation for connecting DH with the broader AI 
ecosystem. By serving as a differentiable physics engine, it enables the creation of digital twins for holographic systems, providing 
virtual replicas that support predictive simulation, design exploration, and self-calibration [60]. This physics-aware capability 
naturally extends to emerging paradigms like foundation models and vision-language models. The structured, physically meaningful 
3D representations produced by differentiable pipelines provide a grounded interface for these large-scale models, enabling them to 
reason about microscopic scenes, transfer learned priors across modalities, and interpret holographic data through natural language.

Looking further ahead, this integration paves the way for world models in embodied AI, where agents utilize holographic 
perception to interact with the physical world. By embedding differentiable optical models within their internal simulators, future 
intelligent systems could reason about volumetric environments with the same rigor as physical laws, bridging the gap between 
computational imaging and autonomous action.
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4. Conclusion

DH has undergone a paradigm shift driven by DL, transitioning the field from classical reconstruction algorithms to data-driven 
inference. Moving beyond early exploration, this review has highlighted an updated generation of DL-assisted DH systems that are 
more data-efficient, physically interpretable, and architecturally sophisticated.

We have examined how innovative training strategies are effectively overcoming the issue of data scarcity, enabling high-
performance reconstruction even when experimental ground truth is limited. Furthermore, by incorporating both strong priors 
derived from explicit physical models and weak priors reflecting general physical properties across the data, network, and 
optimization components of the learning pipeline, the ‘‘black-box’’ nature of neural networks is being addressed with enhanced 
interpretability. Concurrently, the adoption of advanced architectures, such as Fourier Neural Operators and Vision Transformers, 
has allowed for superior feature representation, capturing global dependencies and complex wavefront information that traditional 
CNNs often miss.

Looking forward, the future of DL-assisted DH lies in the deep integration of advanced sensing hardware, multi-modality 
imaging, and scalable intelligent frameworks. This enables DH to operate under increasingly challenging acquisition conditions 
while extracting richer information from complex scenes. At the same time, rather than treating imaging, reconstruction, and 
analysis as separate stages, next-generation holographic systems are expected to unify these processes within a single learning-
enabled framework. Emerging paradigms such as differentiable imaging are expected to further advance this vision, paving the way 
for end-to-end optimized holographic imaging pipelines. As these trends continue to mature, ongoing advances in deep learning 
are expected to further expand the capabilities of DH, enabling more robust reconstruction, richer information extraction, and 
increasingly intelligent analysis across a broader range of imaging scenarios.
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