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Fig. 1 Classification and challenges in quantitative phase imaging'®
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Fig. 2 Motivation and challenges of introducing deep learning into quantitative phase imaging. (a) Computational imaging forward

image generation model; (b) schematic diagram of computational imaging principle based on physical model; (¢) schematic

diagram of computational imaging principle based on deep learning
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(@) Trade-off between physical priors and data-driven approaches
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Fig. 3 Performance comparison diagram of methods based on physical models, deep learning, and physics-driven deep learning.

(a) Trade-off between physical priors and data-driven methods; (b) schematic diagram of QPI based on physical models;

(c) schematic diagram of QPI based on deep learning; (d) schematic diagram of QPI based on physics-driven deep learning

(potential shown, performance depends on method chosen)
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Fig. 4 Comparison of interferometric and non-interferometric imaging paths. (a) Interferometry: digital holographic microscope with

Mach-Zehnder structure and the basic principle diagram of digital recording and digital reconstruction; (b) non-interferometric

direct method: schematic diagram of algorithm principle; (c) non-interferometric iterative method: schematic diagram of

algorithm principle
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Fig.5 Core steps of physical modeling. (a) Forward image generation model of quantitative phase imaging and schematic diagram of

back-end image processing process; (b) front end optical control example
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data acquisition methods in quantitative phase imaging based on deep learning; (b) training process diagram of quantitative phase

imaging method based on deep learning; (c) typical network structure diagram (U-Net, ResNet, and GAN)
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@  Classification of QPI methods based on physics driven deep learning

Methods Physics-assisted supervised Physics-embedded inference Physics-regularized learning,
learning, PASL networks, PEIN PRL
Introd.u‘ctlon Data layer Sl Network Loss function
position layer

Physical modeling generates

training sample pairs Modular C o
design of Optimizing Unsupervised  Self supervised
Mechanism  Transfer learning of physical i iterative pery P
e .. differentiable . propagation pseudo label
description  approximation labels . unfolding :
propagation network residual loss closed loop
Network output feeds back operators

physical model updates

®  Schematic diagram of the training / inference process of different PD-DL QPI methods

PASL: Physical modeling PASL: Transfer learning of PASL: Network output feeds back
generates training sample pairs physical approximation labels physical model updates
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Fig. 8 Overview of classification of physics-driven deep learning methods. (a) Summary of QPI methods based on physics-driven deep

learning; (b) schematic diagram of training/inference of QPI method based on physics-driven deep learning
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@ Schematic diagram of training process / inference process
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Fig. 9 PASL representative methods: representative methods of QPI based on physical modeling to generate training
samples. (a) Schematic diagram of training/inference process and method summary; (b) method based on FPNN™"; (¢) method
based on cGAN"”/
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(@ Schematic diagram of training process / inference process
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Method PASL: Transfer learning of physical approximation labels
Definition The phase estimated via the classical physical model serves as the network’s initial input,
guiding it to converge from an approximate solution to a more accurate reconstruction
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Fig. 10 PASL representative methods: representative methods of QPI based on transfer learning of physical approximation labels.
(a) Schematic diagram of training/inference process and method summary; (b) method based on RNN"%; (¢c) method based on
RH-M

4.1.3 W % BovE dh FAR R B P11 7R, 2023 4F , Li 58 42 i DL-VHQPI (Deep
AR S 2 A W B il A A5 S S ) B RS TE LA Learning Assisted Variational Hilbert Quantitative

(9 PASL 3% , BIV 0 45 it Sz 0l 49y B 7R B % o Phase Imaging) 75 7% , K & 73 Hilbert £ 1 4 Sy JE il )

1911001-16



HERXE - FEER

245 % 5§ 19 H1/2025 £ 10 B /24
J T 4 A PR 25 g 5 TR P R R R 3, DT 3 5 R
GEXT B Z AR I ZR 45 A AR DR 3R 0 3 g ﬁlﬁ,,ﬁ\ﬁ
iy o 25 18] 51 W B 2 oS B T ORI A Tk 4
AR T TARAR MR L A N inﬁ&%?ﬁﬁ/zﬂc@nm
T, AHES T AL 58 DL 25 O AR 2 25 0 89 PASL 2%, %
F P A AL AE S B B O B A — T T, T A
26 TP AR R 25 AT AR R I SRR X R A5 R T S

FRHEZL , IR FH A5 BUMR 25 I 24 o 332 2 3 43 b A7 A, 52
TP S B . Zhang %R Y Deep
Phase Shifter 77 % , FIJ T 8 A 7809 46 44 1 40 T 0 14
R 3y J 2 1y B S AR AR T 2 A - B
Bt XL 1e] Bib ) BT AL o AL A AR S R R BT
Yy B 1Y 32 b L, R R 2 2R 1 ) B — B 5 T i
T, 10 i 254 B i SR A ) LA 22 Xk, 5800 A # TR
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Method PASL: Network output feeds back physical model updates
Definition The neural network denoises or enhances the original intensity to produce a preprocessed image,
which is then fed into the classical physical model for more robust or precise QPI
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Fig. 11 PASL representative methods: representati

(a) Schematic diagram of training/inference

ve methods of QPI based on network output feedback physical model updating.
process and method summary; (b) method based on uVID+CNN""; (¢c) method
based on DPS-net™"
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Fig. 12 PEIN representative methods: representative methods of QPI based on modular design of differentiable propagator.
(a) Schematic diagram of training/inference process and method summary; (b) method based on PhaseGANP; (¢) method based
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Method PEIN: Optimizing iterative unfolding network

Detition Taking the traditional optimization algorithm as the prototype, the iterative solution process is

expanded into the network level with trainable parameters
Category Input Output Task type Advantages Limitations
Intensity Unsupervised/ | Structure level fusion of dE:p::éi::éhty R
Content Diffraction Phase Supervised physical modeling and s
: v optimization
Hologram learning deep learning u—
(b) Net-ADM (c) HIONet
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Methods Input Training data Training time Inferential efficiency
Single frame Fourier .. . No trainin .
Net-ADM g No training required i Minute level
amplitude spectrum required
Single frame Fourier :
HIONet & 2,000 pairs 30h Second level

amplitude spectrum
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Fig. 13 PEIN representative methods: representative methods of QPI based on optimized iterative unfolding network. (a) Schematic

diagram of training/inference process and method summary; (b) method based on Net-ADM™"; (¢) HIONet based method"*”
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(@ Schematic diagram of training process / inference process
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Loss function Inference process - no training
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|:| |:| = Lﬁ _+_ )\ : ‘Cphys(P(&S)aImeas)

Method PRL: Unsupervised propagation residual loss

Propagation-model converts predicted phase to intensity

Definition ; : . : G 5 .
0T loss from its residual with measured data guides network optimization

Category [nput Output Task type Advantages Limitations

Intensi ; Strong physical
. ty Unsupervised | . & physt Slow convergence
Content Diffraction . interpretability, no phase
learning ; speed
Hologram truth required
®» DPD (©) NFTPM  ugia encoding Multilayer Perceptron Output
Network description I(z,y;2=") Trad f f.-+. #(x,y;2=2)
Deep Phase Decoder (DPD) Network Measurements i | y ¢ : \ ’ Phase
(~ Deepphasedecoder Sample’s phase N/ rawintensiyony Oyl =1 s

images
- &

» Physics

network
Radom Gp(WP) Generated
— & measurements Spatial coordinates
xed - N
b Physical model of | ]\
image formation e

: prior
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5 ‘ \ Measured ||1 1" Generated 1 (x, yiz= Z) I
é 2\\',,1 s oow) lntensw Intensity
s g B ) minly - (V)13
WRY 6w i chitrat N o s
4 a Aberrations J Optimization of loss function Physics prior NetWOI‘k deS Crlptl on
1 Aperture Condenser Sample Objective Objective Tube lens Image
Imaglng SyStem diaphragm lens pupil plane
r
[ 2
F LED illumination ‘ — i .
=7 =9
LED source Microscope ]- &= 1 (I ¥z = )
Pupil Tube lens . . . Defocusmg Annular NA Defocus distance
Sample Seristn matched illumination is unknown

Methods Input Training data Training time Inferential efficiency
DPD Single frame defocus intensity = No training required No tra_lmng Minute level
required
NFTPM  Single frame defocus intensity =~ No training required N;;rl?;;l;lg Minute level

P14 PRI ACFR J5 ik o FE T J0 M B A% 47 % 22 451 2% 9 7 A4S WA B9 AR SR O 126 o () DI R /4 BT 7R 8 P By 6 /N4 5 () 6 T
DPD B 735 (¢) 5 F NFTPM(Neural-Field-Assisted Transport-of-Intensity Phase Microscopy ) ) J5 '
Fig. 14 PRL representative methods: representative methods of QPT based on unsupervised propagation residual loss. (a) Schematic

diagram of training/inference process and method summary; (b) DPD based method"”"; (¢c) NFTPM based method"*”
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(a) Schematic diagram of training process / inference process

A 4

Loss function

l Cmr:ﬁphys(P(‘i’):Imm

Inference process - Optional

Training process - Optional

|

- S mmewon] [5] i [Be|  [newt —loo sol—{ Ouput |
E L = P(Psim) & — £ £Eg Intensity ~ Well-trained Phase
a D D S [ I B Network

Method PRL: Self supervised pseudo label closed loop

The network’s intermediate output is propagated forward to generate intensity, compared with actual

Definiti : .
i measurements, and used to build a pseudo-label feedback mechanism

Advantages Limitations

Category Input Output Task type

Intensity
Content Diffraction
Hologram

Strong physical interpretability
No phase truth required

Unsupervised

Teing Slow convergence speed

(b) DIP () CVNN

Network descrlptlon % e ) J Network description
¢ =
g ASM
5 Intensity —_ — o
B measurements z Bej"
E 256 2% s —oimi
o Light TFT Condenser  Specimen Objective Tube " “
source panel lens. lens. lens 1 A=JH Complex-valued neural network I-1
Measured ‘ ’ |
l #=random i 4
i v
E Phase l l
3 e
Absol il prediction
; . o :;cs ::;e _ Predicted m Predlc!cd 3110:1' ' _> Loss=ssim (A,,, A)+CTV(E,) —ee '
Z DPC phase cvaluation Apee
o Initial hologram )
a Gradient descent === Phase update sy Complex convolution =P Complex down-sampling

—— Complexskip-comvoluion . Complex up-sampling

Input Training data Training time Inferential efficiency

Four frame QDPC

fitensity iimages No training required No training required Minute level

DIP

CVNN Single frame hologram No training required No training required Minute level
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97735 (O FTF CYNN [y i
Fig. 15 PRL representative methods: representative methods of QPI based on self supervised pseudo label closed loop. (a) Schematic
diagram of training/inference process and method summary; (b) DIP based method™"; (¢) CVNN based method"*”
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Table 1 Comparison of three types of physics-driven deep learning methods

Evaluation Physics-assisted supervised Physics-embedded inference
dimension Learning, PASL networks, PEIN
Input / data structure Network structure /
Physical optimization path
mOde¥ Network Truth | Los_s Network Truth |, Los_s
embedding {1 sol-+[ Qo | > Fn s T
st
I?jolr;z?;éin Physical sample enhancement Intermediate structure compression
gulaty (Enhance input mutual information) (Information bottleneck modeling)
mechanism
Superv1s'10n Sarsiond Jaming Supervised /semi Tsuperv1sed /
mechanism unsupervised
Label Medium high Medium
dependency (Simulate or approximate label) (Few labels)
Physical Weak Medium strong
consistency (Dependent on input rationality) (Structure explicit fusion)
Model Medium High
interpretability (Training controlled) (Structural physical semantics)
Generalization Medium Medium high
ability (Affected by domain gap) (Good structural mobility)
Inferential High Medium
efficiency (Network forward fast) (Time consuming to embed module)
Feasibility High Low

(General structure)

1. Stable system structure
Applicable 2. Lack of labels
scenarios 3. Controllable modeling accuracy
4. High reasoning efficiency

Label
dependency
o Physical
Feasibility cons}i]stchy
Performance
radar chart  jpgendal Interpre-
efficiency tability
Generali-
zation
ability

(Module needs to be customized)

1. Clear communication path il

2. Fewer labels 2y

3. Imaging mechanism is 8
analyzable

4. Low inferential efficiency need 4.

Label
dependency
S Physical
Beasibility consistency
Inferential Interpre-
efficiency tability
Generali-
zation
ability

~os o]

Physics-regularized
Learning, PRL

Optimized end / loss function

Network Loss
function
E

Constrained physical feedback
(Consistent projection)

Unsupervised / self supervised

Low
(Completely unlabeled)

Strong
(Output strictly physically
consistent)

High

(Output can be physically verified)

High
(Strong system adaptability)

Medium
(Low efficiency of iteration)

Medium
(Need analytic physical model)

System non idealization
Labels are difficult to obtain
Imaging mechanism is
analyzable

Low inferential efficiency need

Label
dependency
- Physical
Feanitility consistency
Inferential Interpre-
efficiency tability
Generali-
zation
ability
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6.1.3

High dimensional modeling

06

Current challenges

Ny
i
(@)
Pl

* High complexity of
physical modeling

* Difficult to balance the
efficiency of structural
expression with inferential
capability

* Lack of unified modeling
paradigm

mature

Development trends

* 3D continuous modeling !
* Vector propagation and leaming
scattering control

. mechanism
* General structure fusion

* System digital twin modeling

Data efficiency

)

* The precision and
generalization ability of
labels are limited

* Physical consistency loss
imperfect design

* Digital twin platform is not

Development trends

* Physics-assisted supervised

e Weak supervision optimization
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System deployment
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Current challenges

Current challenges

* Slow speed due to
complex structure and
iterative module

* Insufficient generalization
ability

¢ Difficult to meet the
requirements of high
reliability scenarios

Development trends
* Lightweight network
design
» System awareness
mechanism

 Interpretable modeling
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Fig. 16 Challenges and trends of future development in QPI based on physics-driven deep learning
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Future prospects in QPI based on physics driven deep learning

Method collaboration
— System collaboration

* Shift from local optimization

» Toward optical-algorithm—physics
closed-loop joint optimization

» Focus on end-to-end optimization

» Target high-throughput scenarios

* Operate in complex environments

==

@ _— ..... .....

Phase retrieval
— Intelligent sensing

» Transition to a self-supervised closed-
loop system

Combine with a digital twin platform
Enable real-time data acquisition
Support simulation-based prediction
Perform self-supervised distillation
Dynamic, continuous observation

=3

Data-driven
— Knowledge-physics dual-driven

Integrate first-principles physical laws
Combine with learnable priors

Drive Bayesian optimal generalization
Adapt to few-shot conditions

Handle high-uncertainty scenarios

Unified framework
— Decoupled modular architecture

Support cross-modal transfer
Enable flexible deployment

Apply domain adaptation

Utilize federated learning
Implement continual multi-task DL
Address system heterogeneity
Adapt to dynamic task changes

P17 T 3K gl R B 9 2T B A AR P B ROk Sl B2
Fig. 17 Future prospects in QPI based on physics-driven deep learning
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Abstract

Significance

with high sensitivity and subcellular spatial resolution,

and it 1s increasingly used in life sciences,
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Quantitative phase imaging (QPI) is a label-free, wave-optics modality that measures optical path length

materials
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characterization, and biomedical diagnostics. Yet as systems adopt partially coherent illumination, high-NA optics, and

multi-frame or tomographic acquisitions, conventional pipelines based on analytical forward models and iterative inversion
face two persistent limits, 1.e., restricted model expressiveness when assumptions are violated and high computational cost
under real-time or high-throughput constraints, thereby narrowing deployability. Deep learning (D1.) offers complementary
strengths in representation and speed, but, when divorced from physics, can overfit dataset bias, depend heavily on
labels, and lose physical consistency. To bridge these gaps, this review synthesizes physics-driven deep learning (PD-DL)
for QPI, which embeds imaging physics into the learning process to couple analytical modeling with data-driven inference.
Grounded in the manuscript’s system overview, we contrast interferometric and non-interferometric QPI and their
modeling boundaries (Figs. 1 and 4), outline the motivation and challenges of introducing DL into QPI (Fig. 2), and frame

PD-DL as a unifying route toward physically consistent, data-efficient, and deployment-ready solutions.

Progress We organize state-of-the-art PD-DL by a hierarchy of physical-prior injection that aligns with the manuscript’s
figures: 1) physics-assisted supervised learning (PASL) at the data-construction layer, which uses digital twins,
measurement-consistent simulation, or physics-guided surrogate labels to raise supervision quality and distribution
coverage (representative implementations in Figs. 9-11); 2) physics-embedded inference networks (PEINs) at the
structural-modeling layer, which integrate differentiable optical operators (e.g., TIE/WOTF propagators, pupil filters)
and optimization unrolling (e.g., ADMM-style unfolding) into the network so that parameter co-learning (defocus, pixel
size, aberrations) and interpretability are preserved (Figs. 12 and 13); 3) physics-regularized learning (PRL) at the objective-
constraint layer, which encodes consistency with the (possibly nonlinear) forward model directly in the loss to enable weak/
self-supervision and residual-map diagnostics (Figs. 14 and 15). We connect these pathways to training data and model
design (Fig. 6), summarize supervision strategies, information-regulation mechanisms, and system adaptability, and
provide a comparative matrix that aligns speed, robustness, interpretability, and maintenance cost (Table 1).
Methodologically, PD-DL explains why and when physics at the input, structure, or objective level compresses the
solution space and improves generalization (Fig. 3). In terms of application, we highlight two representative directions
consistent with the main text: in biomedicine, label-free cytometry and pathology-adjacent workflows leverage PD-DL to
stabilize reconstruction across batches/instruments and to derive traceable biophysical readouts; in industrial inspection,
online metrology for micro-optics, thin films, and wafer/defect screening benefits from parameter co-learning to
accommodate drift/vibration and from physics-residual gating for self-calibration and anomaly flagging, while simulation
augments long-tail defect libraries. The overall classification and cross-links among PASL/PEIN/PRL are summarized in

the manuscript’s PD-DL overview (Fig. 8).

Conclusions and Prospects PD-DL for QPI is converging from three separate tracks into multi-path fusion under a
unified physical-control framework, coupling PASL’s simulation support, PEIN’s structural modeling, and PRL’s
physics-consistent objectives into a closed-loop, end-to-end pipeline that spans data generation, network design, and
objective enforcement. Looking forward, we distill three priorities that echo the paper’s challenges and trends: 1) 3D and
multiple-scattering modeling, extending differentiable optics to tomographic optics and strongly scattering regimes with
learned scattering priors and fast solvers; 2) data efficiency and reliability, advancing digital twins, weak/self-supervision,
and continual/domain-adaptive learning with uncertainty estimation and calibration monitoring; 3) deployment and
standardization, pursuing lightweight, hardware-aware architectures and interoperable toolchains for edge/real-time
operation, together with benchmarks and physics-based quality metrics. These directions align with the manuscript’s
challenges/trends and future prospects (Figs. 16 and 17), and aim to deliver QPI systems that are physically consistent,

robust across domains, and practical for high-throughput biomedical and industrial use.

Key words computational imaging; quantitative phase imaging; physical modeling; deep learning; physics-driven deep

learning
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