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Differentiable imaging has emerged as a transformative paradigm in computational imaging by enabling 
end-to-end optimization of integrated optical-computational systems. This review examines how differentiable 
frameworks bridge the persistent gap between physical reality and computational models, effectively 
addressing fundamental challenges in uncertainty quantification, system design, and computational 
complexity. We analyze recent advances demonstrating how this approach simultaneously optimizes 
physical and computational elements while enhancing reconstruction accuracy beyond traditional 
limits. The framework’s capacity to systematically address both deterministic uncertainties, such as 
manufacturing tolerances and alignment errors, and stochastic uncertainties, including sensor noise and 
environmental fluctuations, has enabled unprecedented robustness in real-world imaging applications. We 
identify emerging challenges in numerical modeling, computational efficiency, and system integration, with 
particular focus on how digital twin architectures may provide solutions for next-generation adaptive imaging 
systems. Looking forward, we discuss critical opportunities in theoretical foundations, system innovation, 
and scientific applications, highlighting how differentiable imaging is poised to not only revolutionize imaging 
technology itself but also accelerate scientific discovery through artificial intelligence-enabled, physics-
consistent computational methods.

Introduction

   Imaging technology has fundamentally transformed our ability 
to observe and understand the world across scales. From nanoscale 
cellular structures to distant astrophysical phenomena, modern 
imaging systems serve as critical windows into domains beyond 
natural human perception [  1 ]. These technological advances 
have revolutionized scientific exploration, enabling researchers 
to visualize and analyze phenomena with unprecedented reso-
lution, sensitivity, and dimensionality.

   The evolution of imaging technology has shifted dramatically 
from purely optical systems toward sophisticated computational-
optical platforms. This transition represents more than incremen-
tal improvement—it marks a fundamental reconceptualization 
of the imaging process itself. By integrating advanced algorithms 
with optical hardware, modern systems transcend traditional 
limitations, achieving remarkable capabilities in resolution 
enhancement [  2 –  4 ], multi-dimensional imaging, and dynamic 
range expansion, while simultaneously reducing system complex-
ity and cost [  5 ,  6 ].

   Computational imaging stands at the center of this trans-
formation, leveraging sophisticated algorithms that work in 
concert with optical hardware to form and reconstruct images. 
This approach has enabled groundbreaking applications includ-
ing super-resolution microscopy, quantitative phase imaging, and 
3-dimensional reconstruction [ 2 ,  3 ]. A distinguishing feature of 
modern computational imaging is its emphasis on co-design—
the simultaneous optimization of physical and computational 

components as an integrated system rather than separate enti-
ties [ 1 ,  7 ]. The impact of these innovations extends beyond 
research laboratories into diverse sectors including medical 
diagnostics, industrial quality control, public safety, and defense 
systems.

   Despite these advances, practical implementation of com-
putational imaging systems faces 2 fundamental challenges. 
The first arises from physical–numerical model mismatch, 
where real-world systems deviate from theoretical models in 
complex and often unpredictable ways [  8 ]. This mismatch stems 
from multiple sources of uncertainty that cascade through the 
imaging pipeline: deterministic factors introduce systematic 
errors through manufacturing tolerances and optical aberra-
tions [  9 ]; mechanical misalignments alter intended light paths 
[  10 ,  11 ]; and stochastic uncertainties manifest through environ-
mental fluctuations and fundamental measurement limitations 
[  12 ]. These accumulated uncertainties degrade reconstruction 
quality and undermine system reliability.

   The second challenge involves managing the escalating 
computational complexity inherent in advanced imaging 
modalities. Techniques such as hyperspectral imaging [  13 ] 
and time-resolved measurements [  14 ] generate massive, high-
dimensional datasets that exceed conventional processing capa-
bilities. Standard image processing operations—denoising, 
deconvolution, and feature extraction—become exponentially 
more demanding when applied to these complex datasets. 
System-specific algorithms must further accommodate unique 
characteristics including optical aberrations and environmental 
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conditions [  15 ,  16 ], creating substantial computational bottle-
necks, particularly for real-time applications.

   Differentiable imaging emerges as a groundbreaking para-
digm that addresses these fundamental challenges by seam-
lessly integrating physical system modeling with computational 
optimization [  17 –  22 ]. This approach systematically manages 
uncertainty by incorporating explicit numerical models for 
deterministic variations while harnessing differentiable opti-
mization frameworks to handle stochastic fluctuations. At its 
core, differentiable imaging embeds physically accurate models 
within sophisticated learning architectures, enabling true end-
to-end system optimization while preserving crucial physical 
interpretability.

   This review synthesizes recent advances in differentiable 
imaging and explores how this paradigm transforms computa-
tional imaging systems at multiple levels. We begin by exam-
ining the theoretical foundations of differentiable imaging, 
establishing how it fundamentally reconceptualizes the relation-
ship between physical and computational components. We then 
analyze recent progress across 3 key dimensions: addressing 
physical–numerical model mismatches through uncertainty 
quantification; enabling sophisticated system co-design through 
end-to-end optimization; and extending imaging capabilities 
while compensating for hardware limitations. Through careful 
examination of current challenges and emerging research direc-
tions, we provide insights into the trajectory of next- generation 
imaging technologies, revealing how differentiable imaging not 
only addresses present limitations but also opens new possibili-
ties for future imaging systems that combine physical accuracy 
with computational efficiency.   

Differentiable Optical Imaging
   At its foundation, a computational imaging system operates 
through the interplay of 2 fundamental processes: physical encod-
ing and computational decoding. Understanding this interplay, as 
illustrated in Fig.  1 , reveals both the remarkable potential and inher-
ent limitations of current imaging approaches.        

   The encoding stage represents the physical journey of elec-
tromagnetic waves from an object to our final measurement. 
This process begins as light interacts with our object of interest, 
travels through an intricate optical system, and ultimately 
reaches electronic sensors. The physics involved carries sub-
stantial complexity—light sources illuminate the scene with 
specific characteristics; optical elements shape the light’s 
path through reflection, refraction, and diffraction; and elec-
tronic sensors transform incoming photons into measurable 

signals. We can express this sophisticated process mathemati-
cally as  y = f (x)   , where  x    is the light radiation that represents 
the object’s properties as a vector,  f (⋅)    encompasses the entire 
system transformation, and  y    represents our measurements.

   The decoding stage then faces the challenge of reconstruct-
ing desired physical quantities of the light radiation from 
these measurements [ 2 ]. This reconstruction process moves 
beyond traditional digital image processing by incorporating 
the underlying physics of the imaging system. Rather than 
treating images as pure data structures, the decoding algo-
rithms must account for how light physically interacted with 
our system, requiring precise understanding of the encoding 
process. While this physics-aware approach enables more 
accurate reconstructions, it also introduces considerable com-
putational complexity.

   In practice, computational imaging faces a fundamental chal-
lenge in bridging theoretical models with physical reality. Modern 
imaging systems comprise numerous interacting components, 
each introducing its own uncertainties and complexities. Light 
sources exhibit temporal fluctuations, optical elements contain 
manufacturing imperfections, sensors introduce various forms 
of noise, and environmental variations continuously alter system 
performance parameters. Current approaches typically diverge 
into 2 extremes: they either oversimplify these physical systems 
through idealized mathematical models, sacrificing accuracy for 
tractability, or rely heavily on deep learning techniques that 
achieve high performance but sacrifice physical interpretability.

   The conventional practice of separating encoding and decoding 
processes creates substantial challenges in computational imaging. 
This artificial division between physical hardware and computa-
tional algorithms—components that should function as a unified 
system—leads to accumulated discrepancies between theoretical 
models and actual system behavior. When hardware optimization 
follows metrics disconnected from computational requirements, 
or when algorithms make unrealistic assumptions about physical 
systems, overall performance inevitably suffers.

   As defined in Ref. [  19 ]:
   Differentiable imaging is a computational imaging paradigm 

where certain aspects of the problem are parameterized as dif-
ferentiable, irrespective of whether the inverse problems are 
tackled by numerical optimization, neural networks, or a com-
bination of the two.

   By leveraging differentiable programming and automatic dif-
ferentiation (AD), differentiable imaging offers an elegant solu-
tion to the limitations of conventional computational imaging. 
Rather than pursuing increasingly complex yet cumbersome 
physical models, differentiable imaging fundamentally recon-
ceptualizes the imaging process [ 19 ,  23 ,  24 ]. It transforms the 
traditional encoding model  y = f (x)    into a more comprehensive 
formulation  y = f (x,�)   , where  �    represents a parameter set spe-
cifically designed to address and compensate for mismatches 
between physical systems and numerical models. The complete 
forward model captures the entire imaging pipeline through a 
series of interconnected transformations:

﻿﻿  

where the function composition operator  ◦    connects each sys-
tem component, and  � =

{
�c ,�oc, …

}
    encompasses all system 

parameters. Each component corresponds to specific physi-
cal processes within the imaging system, from illumination 

(1)y= f (x,�), f = fnoise◦fc◦foc◦fx◦foi◦fi,

Fig. 1. Overview of computational imaging and differentiable imaging.
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characteristics through object interactions to sensor behavior 
and noise sources.

   This comprehensive forward model enables the formulation 
of an elegant inverse problem that simultaneously optimizes 
system parameters while reconstructing images:

﻿﻿   

   Here,  
(
f (x,�), y

)
    represents the fidelity term that quantifies 

the discrepancy between the model predictions and measured 
data. While the  �2    loss  

(
f (x,�), y

)
= ||f (x,�), y||

2    is commonly 
used due to its mathematical tractability, and compatibility 
with Gaussian noise assumptions, the selection of an appro-
priate fidelity function depends critically on the specific imag-
ing conditions and noise characteristics. For imaging scenarios 
dominated by Poisson noise (common in low-photon-count 
regimes like fluorescence microscopy), negative log-likelihood 
or Kullback-Leibler divergence-based losses often prove more 
effective. In cases with outliers or heavy-tailed noise dis-
tributions, robust loss functions such as Huber loss or  �1    
norm can provide superior performance. Specialized applica-
tions may benefit from composite or perceptual loss functions 
that incorporate domain-specific knowledge. The regularization 
terms  n(⋅)    weighted by factors  �n    impose prior knowledge 
about the solution space, while the physical constraints  Ωx    
and  Ω�    ensure that solutions remain within realistic physical 
bounds [ 19 ].

   While AD provides computational convenience, the funda-
mental value of differentiable imaging lies in its problem-driven 
approach that directly addresses the critical mismatch between 
theoretical models and real-world optical systems. This approach 
enables genuine end-to-end optimization where optical configu-
rations and reconstruction algorithms are jointly optimized 
within a unified framework. The capacity to address model-
reality misalignment has historically been the primary obstacle 
to achieving true system-algorithm co-design in computational 
imaging. Differentiable imaging overcomes this challenge by 
creating a cohesive optimization strategy that simultaneously 
addresses multiple sources of uncertainty and system imperfec-
tions within a single framework. While manual gradient cal-
culation might theoretically yield comparable results in simple 
cases, this approach becomes impractical for complex imaging 
systems with numerous interdependent parameters. In systems 
where variables interact in non-linear ways, manual gradient 
calculation becomes prohibitively challenging or impossible. 
Differentiable programming overcomes these limitations by 
calculating gradients for entire algorithmic processes rather than 
isolated mathematical expressions, enabling application to prob-
lems that resist straightforward mathematical formulation. 
Computational imaging inherently spans multiple disciplines—
optical design, fabrication, and inverse problem solving—with 
potential mismatches emerging at each stage. Differentiable 
imaging provides a coherent framework that bridges these dis-
ciplinary gaps and optimizes the entire imaging pipeline holisti-
cally. The integration of physically accurate models with efficient 
optimization techniques allows imaging systems to adapt to real-
world conditions while maintaining theoretical rigor, creating a 
powerful new paradigm for advancing imaging science and 
technology.   

Progress of Differentiable Optical Imaging
   The evolution of differentiable imaging has fundamentally trans-
formed computational imaging by enabling unprecedented inte-
gration between physical systems and computational models. As 
illustrated in Fig.  2 , this transformation spans 3 key dimensions: 
first, addressing physical–numerical model mismatches through 
comprehensive uncertainty quantification; second, enabling 
sophisticated system co-design through end-to-end optimiza-
tion; and third, extending imaging capabilities while compensat-
ing for hardware limitations. These advances have not only 
enhanced system efficiency but have also pushed imaging capa-
bilities beyond traditional limits. The following sections examine 
each of these developments in detail.          

Bridging the numerical–physical model mismatch
   As illustrated in Fig.  1 , optical system uncertainties arise from 
multiple interacting sources that create mismatches between 
physical reality and numerical models. These uncertainties span 
deterministic factors like optical aberrations and system mis-
alignment, stochastic elements including sensor noise and 
environmental variations, and epistemic uncertainties stem-
ming from incomplete system understanding. Differentiable 
imaging has emerged as a powerful framework for addressing 
some of these challenges.  

Addressing deterministic uncertainties
   The precise mathematical description of physical components 
represents a fundamental challenge in imaging system design. 
Even minor deviations from ideal behavior—whether from 
manufacturing tolerances, alignment errors, or inherent system 
limitations—can substantially impact imaging performance. 
These challenges manifest differently across imaging modali-
ties, each requiring specific consideration.

   In holographic imaging, for instance, the reconstruction qual-
ity depends critically on precise knowledge of the object-to-
sensor distance, as phase information proves particularly sensitive 
to spatial relationships [  25 ,  26 ]. Similarly, pixel super-resolution 
lensless imaging must contend with mechanical scanning uncer-
tainties that can arise from light source, sample, or sensor move-
ments [  27 ,  28 ]. Multiple-plane phase retrieval faces its own 
alignment challenges during translation scanning [  29 ].

   These challenges become particularly acute in systems 
requiring multiple measurements. Ptychography demands pre-
cise alignment between illumination and sample, with recon-
struction quality heavily dependent on positioning accuracy 
[ 11 ]. Fourier ptychography microscopy (FPM) faces additional 
complexities from light-emitting diode (LED) array imperfec-
tions in translation, rotation, and manufacturing position 
[  30 –  32 ]. Beyond these alignment issues, optical element imper-
fections themselves can introduce substantial imaging artifacts 
[ 9 ,  33 –  36 ].

   Traditional approaches to addressing these alignment and 
calibration challenges relied heavily on sequential corrections: 
auto-focusing algorithms in holography [ 25 , 26 ], digital align-
ment in ptychography [ 9 ], and image registration in pixel 
super-resolution lensless imaging [  37 ]. However, these sequen-
tial methods often fall short because they artificially segment 
the forward model into discrete steps, ignoring the intricate 
interplay between different components of the encoding pro-
cess. This separation inevitably leads to error accumulation that 
compromises final imaging performance.

(2)
x∗, �

∗ = arg minx,�
(
f (x,�),y

)
+

N∑

n=1

�nn(x)

s. t. x∈Ωx, �∈Ω�
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   Differentiable imaging transforms this approach by enabling 
simultaneous optimization of all modelable uncertainties. This 
unified strategy delivers 2 crucial advantages: it ensures a more 
accurate forward model in the inverse imaging process while 
eliminating the cumulative errors inherent to sequential pro-
cessing. Recent applications demonstrate the power of this 
approach across various imaging modalities.

   In holographic imaging, differentiable imaging enables con-
current autofocusing and complex field reconstruction [  38 ], 
achieving single-shot complex field imaging from one inline 
hologram. For pixel super-resolution lensless imaging, the 
framework simultaneously optimizes scanning positions, 
sample-to-sensor distance, and complex field reconstruction 
[  39 ], delivering superior results compared to sequential meth-
ods. Multiple-plane phase retrieval benefits from the optimiza-
tion of individual plane locations [  40 ] or affine transformations 
between measurement planes [  41 ] alongside complex field 
reconstruction.

   The benefits extend particularly to advanced imaging tech-
niques like ptychography and Fourier ptychography. In conven-
tional ptychography, differentiable imaging enables simultaneous 
probe and object estimation [  42 ,  43 ], offering improved speed, 
accuracy, and robustness through flexible error metrics and prior 
information [  44 –  47 ]. For Fourier ptychographic microscopy 
(FPM), the framework allows correction of LED array misalign-
ment and optical element aberrations simultaneously with com-
plex field reconstruction [  48 ], pushing system performance 
beyond traditional limits.

   Recent advances have further expanded these capabilities. 
A new differentiable framework for imaging system calibration 
using implicit neural networks and splines enables gradient-
based optimization of uncertain measurement coordinates 
[  20 ]. This approach improves reconstruction quality in mis-
calibrated systems like computed tomography by properly 

accounting for coordinate uncertainty. Similarly, in exoplanet 
imaging, differentiable rendering frameworks now leverage 
wavefront sensing data to refine aberration estimates and 
improve starlight subtraction, achieving substantial enhance-
ments in contrast and detection limits without requiring addi-
tional reference images [  49 ].   

Dealing with stochastic uncertainties
   Stochastic uncertainties [  50 ] present a distinct set of challenges 
throughout the imaging pipeline. Unlike deterministic uncer-
tainties that can be modeled precisely, stochastic effects mani-
fest through unpredictable variations: light sources fluctuate 
temporally, sensors introduce random noise and cross-talk 
effects, and environmental conditions change unpredictably. 
These combined effects degrade measurement quality and 
introduce artifacts that traditional imaging approaches struggle 
to address.

   FPM provides an illuminating example of these challenges 
in practice. Darkfield measurements, which capture crucial 
high-frequency information about the sample, typically suf-
fer from poor signal-to-noise ratios. Traditional approaches 
attempted to address this limitation through hardware solu-
tions, such as increasing exposure times or implementing high 
dynamic range processing [ 12 ,  51 ]. Additionally, vignetting 
effects compromise illumination uniformity across the field 
of view, leading to measurement distortions that substantially 
impact reconstruction quality [  52 ,  53 ]. Recent advances suggest 
a more sophisticated approach to managing these uncertain-
ties. By reconsidering how we process captured information, 
researchers have discovered that dark-field images can be 
understood as bandpass-filtered representations of the sample, 
where edge features dominate the signal. This insight has 
enabled novel processing approaches in the feature domain that 
prove more robust to noise and artifacts [  54 –  56 ]. Differentiable 

Fig. 2. Progress of differentiable imaging.
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imaging enhances system optimization through precise model-
ing and inverse optimization. This framework enables the 
development of sophisticated objective functions that explicitly 
address stochastic system variations [ 48 ]. By incorporating 
these mathematical advances, FPM systems can achieve high-
quality imaging with reduced hardware requirements, over-
coming traditional limitations in measurement time and sensor 
specifications. As demonstrated in Fig.  3 , the advantages of this 
approach become particularly evident when dealing with mul-
tiple practical system imperfections. Under challenging condi-
tions, including system misalignment, optical aberrations, and 
limited sensor performance, uncertainty-aware Fourier pty-
chography (UA-FP) substantially outperforms conventional 
reconstruction methods. This robust performance illustrates 
how differentiable imaging effectively handles multiple sources 
of uncertainty while maintaining reconstruction quality.           

Modeling complex light–object interaction
   The interaction between light and matter lies at the heart of optical 
imaging, yet accurately modeling these interactions remains one 
of the field’s most substantial challenges. Traditional approaches 
typically relied on simplified mathematical descriptions that 

reduce complex physics of wave propagation, scattering, and 
diffraction into manageable equations [  57 ]. While these sim-
plified models offer computational advantages, they often sac-
rifice physical accuracy, failing to capture the intricate interplay 
between light and matter that characterizes real-world imaging 
scenarios.

   The limitations of simplified models become particularly 
evident in advanced imaging applications. Consider optical dif-
fraction tomography, where light’s interaction with a sample 
creates complex scattering patterns. The way we model this 
scattering process directly influences our ability to recover dif-
ferent sample properties [  58 ,  59 ]. While traditional models 
might capture basic scattering behavior, they often miss subtle 
yet important effects that could provide valuable information 
about the sample’s structure and composition.

   Differentiable imaging represents a substantial advance in 
our ability to model these complex interactions. By incorporat-
ing sophisticated physical models within a differentiable frame-
work, this approach enables us to address phenomena that have 
long challenged conventional reconstruction methods. For 
example, in x-ray nanotomography, differentiable imaging has 
pushed beyond traditional depth of focus limitations, enabling 

A B

C

Fig 3. Uncertainty-aware Fourier ptychography (UA-FP) [48]. (A) The captured images; (B) the selected raw data; and (C) the reconstruction results of different methods.
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clearer and more detailed reconstructions of nanoscale struc-
tures [  60 ]. This breakthrough stems from the framework’s abil-
ity to model and account for complex wave propagation effects 
that conventional approaches typically ignore. Perhaps even 
more striking is the application of differentiable imaging to 
holographic particle image velocimetry. In this field, the ability 
to model multiple scattering events has revolutionized high-
density particle imaging [  61 ]. Traditional holographic tech-
niques struggle when particles become too densely packed, as 
multiple scattering effects begin to dominate the signal. However, 
by incorporating these complex scattering interactions directly 
into the imaging model, differentiable imaging enables accurate 
reconstruction even in scenarios that exceed conventional 
holographic limits.    

End-to-end system co-design
   The advent of differentiable imaging has transformed system 
design by enabling simultaneous optimization of optical and 
computational elements. This integrated approach marks a 
fundamental shift from traditional methods, where optical and 
computational components were optimized separately, often 
leading to suboptimal system performance. In point spread 
function (PSF) engineering, researchers have achieved substan-
tial breakthroughs through co-design approaches [  62 –  64 ]. A 
notable advancement emerged in microscope system optimiza-
tion, where the challenge was reformulated as an inverse prob-
lem. By developing a differentiable wave optics simulator with 
trainable modules, researchers created a framework capable of 
simultaneous physical calibration and PSF optimization [  65 ], 
demonstrating the power of end-to-end system optimization. 
The emergence of differentiable microscopy represents perhaps 
the most promising development in this direction. By incor-
porating trainable optical elements at strategic points along the 
optical path, researchers can now explore novel, interpretable 
microscope architectures [  18 ]. This ability to simultaneously 
optimize both optical and computational elements has led to 
unconventional designs that substantially outperform tradi-
tional approaches, showcasing how co-design can expand the 
boundaries of optical system capabilities.

   The integration of differentiable imaging has revolutionized 
lens design, transforming a process traditionally dependent on 
expert intuition and iterative refinement [  66 ,  67 ]. By incorporat-
ing gradient information into the design pipeline, researchers 
can now directly optimize system parameters based on perfor-
mance metrics [ 22 ,  68 ,  69 ]. This approach fundamentally relies 
on representing lens optical systems as differentiable functions, 
enabling efficient gradient-based optimization strategies. The 
development of differentiable optical modeling frameworks has 
progressed along several complementary paths. In the domain 
of ray tracing, Mitsuba introduced pioneering differentiable 
capabilities [  70 ,  71 ], followed by more accessible implementa-
tions leveraging PyTorch [ 69 ]. Recent advances include hybrid 
ray-wave models that simultaneously account for both aberra-
tion and diffraction effects [  72 ], enabling more comprehensive 
system optimization. Additionally, new differentiable Fourier 
optics frameworks have emerged, incorporating various optical 
elements, polarized light propagation, and arbitrary spatial 
coherence fields [  73 ].

   This mathematical foundation enables systematic explora-
tion of design spaces, often revealing novel optical configura-
tions that traditional methods might overlook. Recent advances 
have substantially expanded these capabilities across diverse 

applications. For complex tasks like extended source irradiance 
tailoring, researchers have developed sophisticated approaches 
using double-freeform lenses with multi-level radial basis func-
tions [  74 ]. The framework has proven particularly valuable for 
addressing practical manufacturing challenges, enabling optical 
degradation correction in manufacturing-perturbed glass–
plastic hybrid lens systems through joint hardware–software 
optimization [  75 ]. Smartphone telephoto lens design represents 
another substantial breakthrough [  76 ]. A fully automated frame-
work [  77 ] combines optical design indicators, Delano diagrams 
for initialization, and comprehensive parameter optimization, 
including materials and high-order aspheric terms. By incor-
porating a differentiable PSF calculation based on the Fresnel–
Kirchhoff model, this approach achieves accurate end-to-end 
optimization while streamlining the design process. The impact 
of differentiable design extends beyond traditional optics. In 
eye-tracking applications, researchers have developed a dense 
deflectometry-based method that leverages optimization-driven 
inverse rendering with a differentiable virtual eye model. This 
approach estimates eye pose and shape parameters via gradient 
descent, achieving improved accuracy through pixel-dense 
surface measurements [  78 ]. For infrared imaging, an end-to-
end framework combines differentiable ray-tracing with neural 
network optimization to co-design aspheric diffractive optical 
elements and computational restoration networks, achieving 
superior performance in single-lens short-wave infrared sys-
tems while enabling robust athermalization [  79 ]. The differ-
entiable ray-tracing engineers have also enabled algorithmic 
innovations, such as curriculum learning approaches that can 
design compound lenses from random initializations without 
human intervention [  80 ].   

Extended capabilities and hardware compensation
   Differentiable imaging represents a fundamental advancement 
in computational imaging by creating a seamless bridge between 
physical systems and numerical models. This integration has 
transformed not only image quality but also the entire approach 
to system design and implementation, enabling capabilities that 
extend well beyond traditional imaging limitations.  

Extending imaging and sensing capabilities
   The evolution of aberration correction in imaging systems pro-
vides an illustrative example of the transformative impact of dif-
ferentiable imaging. Traditional ptychographic iterative engines 
achieved substantial progress by enabling simultaneous recon-
struction of both the sample and illumination characteristics, 
including the pupil function that captures system aberrations. 
However, these conventional approaches exhibited a fundamental 
limitation: while they could detect aberrations, they were unable 
to distinguish between those caused by misalignment and those 
inherent to the optical components themselves.

   This inability to differentiate aberration sources created sub-
stantial challenges for system calibration and optimization 
[  81 ]. In typical scenarios, an imaging system producing dis-
torted results would be analyzed using traditional methods that 
might correctly identify the presence of aberrations but could 
not determine whether they stemmed from a misaligned lens 
or manufacturing imperfections in the optical components 
themselves [  82 ]. This ambiguity complicated determination of 
appropriate corrective actions, including whether the system 
required realignment or component replacement. Differentiable 
imaging addresses this challenge through a more sophisticated 
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approach. By incorporating detailed physical models of both 
optical components and potential misalignment effects into the 
reconstruction process, the framework can effectively separate 
different sources of aberration. This joint optimization of sam-
ple and illumination patterns provides not only more accurate 
reconstructions but also more interpretable results that can 
guide system maintenance and improvement. The practical 
implications are substantial: Fourier ptychography systems can 
now provide valuable data for lens metrology, enabling more 
precise characterization of optical components [ 48 ]. The capac-
ity for discriminating between different aberration sources 
extends beyond improved image quality to enable precision 
metrology for optical component characterization, guided 
maintenance protocols based on specific degradation sources, 
and quantitative feedback for future optical system designs. 
These capabilities collectively represent a substantial advance-
ment over traditional methods that could only identify aber-
ration presence without determining causal factors.   

Compensating for hardware limitations
   The advantages of differentiable imaging become particularly 
evident when imaging outside the visible spectrum, where hard-
ware limitations often impose substantial constraints. Imaging 
at non-visible wavelengths presents multiple challenges: opti-
cal components frequently exhibit suboptimal performance 
at extreme wavelengths; specialized components for ultraviolet, 
infrared, or x-ray imaging can be prohibitively expensive; signal-
to-noise ratios typically degrade at non-visible wavelengths; 
precise alignment becomes increasingly challenging without 
visual feedback; and physical effects such as diffraction, aber-
rations, and material interactions become more pronounced 
[  83 –  85 ]. Traditional approaches attempt to address these chal-
lenges primarily through hardware solutions—utilizing more 
expensive components, implementing complex optical designs, 
or incorporating specialized materials. However, these approaches 
often result in systems that are costly, bulky, and impractical 
for many applications.

   Differentiable imaging transforms this paradigm by enabling 
high-quality, cost-effective solutions through sophisticated model-
ing and reconstruction algorithms. Rather than requiring perfect 
optical components, this approach leverages computational tech-
niques to compensate for hardware limitations. Recent advances 
demonstrate this capability across multiple spectral domains.

   In extreme ultraviolet (EUV) lithography inspection, wave-
length-multiplexed reflection ptychography has been devel-
oped to enable high-resolution imaging of semiconductor wafer 
nanostructures while addressing experimental uncertainties 
such as source instabilities and optical misalignments. This 
approach achieves a diffraction-limited resolution of 50 nm 
and establishes ptychography as a robust metrology tool for 
characterizing 3-dimensional nanostructures and EUV optics 
in industrial applications [  86 ]. For infrared microscopy, dif-
ferentiable Fourier ptychographic techniques have been imple-
mented to overcome limited detector dynamic range and thermal 
noise issues, achieving high-quality reconstructions even with 
low-cost, off-the-shelf optical components [  87 ,  88 ]. In x-ray 
imaging, multi-slice wave propagation models incorporated in 
differentiable frameworks have addressed depth of focus limita-
tions and scattering effects [ 60 ], while terahertz imaging has 
benefited from computational super-resolution with physics-
informed priors to overcome limited spatial resolution and 
diffraction effects [  84 ].

   The ability to compensate for hardware limitations repre-
sents a fundamental shift in imaging system design philosophy. 
Rather than requiring ever more precise and expensive optical 
components, differentiable imaging enables robust perfor-
mance with more practical hardware implementations, thus 
reducing system cost through the utilization of less expensive 
components, increasing system robustness by accommodating 
real-world imperfections, expanding application domains by 
enabling imaging in challenging environments, and democra-
tizing access to advanced imaging capabilities that would oth-
erwise require specialized facilities.   

Synthesis beyond traditional constraints
   The combination of extended capabilities and hardware com-
pensation enables differentiable imaging to transcend traditional 
constraints in imaging system design. Conventional approaches 
typically necessitate compromises between performance metrics 
such as resolution, field of view, acquisition speed, and system 
complexity. Differentiable imaging redefines these relationships 
by jointly optimizing physical and computational aspects of the 
imaging system. This synthesis enables novel operational modes 
that would be unattainable through traditional methods. For 
example, spectral–temporal computational imaging systems can 
achieve snapshot multidimensional imaging by combining coded 
apertures with differentiable reconstruction algorithms [ 8 ]. 
Similarly, phase imaging systems can extract quantitative mea-
surements from simple intensity-only detectors through differ-
entiable wave propagation models.

   As differentiable imaging continues to advance, further dis-
solution of traditional boundaries between imaging modalities, 
sensing approaches, and application domains can be antici-
pated. The framework’s ability to bridge physical and compu-
tational aspects creates an expanded design space where system 
capabilities are constrained less by hardware limitations and 
more by algorithmic innovation and theoretical understanding 
of imaging processes.     

Challenges and Opportunities
   The transition from theoretical framework to practical imple-
mentation in differentiable optical imaging presents substantial 
challenges. The efficacy of this approach fundamentally depends 
on 2 critical capabilities: precise characterization of optical sys-
tems and effective solution of the inverse problem.  

Numerical modeling
   Differentiable optical imaging requires transforming complex 
physical phenomena into computationally tractable optimiza-
tion problems. This transformation necessitates a delicate bal-
ance between physical fidelity and computational efficiency.

   Different imaging modalities present distinct modeling 
requirements. X-ray imaging systems demand detailed models 
of radiation interaction with various materials, while coherent 
imaging systems must account for wave propagation effects and 
phase stability. Each application requires carefully calibrated 
physical detail in its mathematical representation. Uncertainty 
management represents another fundamental challenge. The 
definition of uncertainty bounds involves an inherent trade-off: 
overly expansive uncertainty sets may yield excessively conser-
vative solutions, while insufficiently comprehensive sets may 
produce solutions lacking real-world robustness. Mathematical 
frameworks must maintain physical accuracy while operating 
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within computational constraints. This becomes particularly 
demanding in multi-physics systems where various phenomena 
interact in complex ways. For example, thermal imaging systems 
require modeling both optical properties and their temperature 
dependence, creating interrelated physical relationships that 
must be accurately represented. Several mathematical approaches 
exist for addressing system uncertainties. Optimization strategies 
may focus on expected measurement values, consider measure-
ment variance, evaluate statistical feasibility, or combine these 
approaches for enhanced robustness. Each method represents a 
different balance between performance optimization and opera-
tional reliability.

   The integration of machine learning with physical modeling, 
illustrated in Fig.  4 , presents a spectrum of implementation 
strategies. Purely data-driven methods offer flexibility but may 
lack physical consistency, while physics-informed approaches 
balance empirical learning with physical constraints. Structured 
methods enforce strict physical principles but may sacrifice 
adaptability. The optimal approach depends on specific applica-
tion requirements and confidence in the underlying physical 
models.        

   Computational frameworks have substantially advanced the 
implementation of differentiable imaging systems. Modern 
platforms including PyTorch, TensorFlow, JAX, MATLAB, 
and Julia offer sophisticated AD capabilities that signifi-
cantly streamline development processes. These frameworks, 
originally designed for machine learning applications [  89 –  92 ], 
enable efficient integration of numerical optimization with 
neural networks, accelerating research progress in this field. 
The primary challenge in differentiable imaging remains the 
development of appropriate physical models for optical sys-
tems, which requires substantial domain expertise regardless 
of the availability of sophisticated AD frameworks. This chal-
lenge lies not in gradient computation mechanics but in design-
ing accurate forward models that capture essential physics 
while remaining computationally tractable. Such models must 
properly address system-specific constraints, non-idealities, 
and parameter representations unique to optical systems. Many 
specialized optical phenomena necessitate custom differen-
tiable implementations that extend beyond standard AD tool-
box capabilities. Researchers frequently develop specialized 
gradient operations for application-specific optical compo-
nents. In these contexts, integrated knowledge of both optical 
physics and computational methods remains essential for suc-
cessful implementation. A particular challenge arises when 
incorporating non-differentiable operators into these frame-
works. Different AD toolboxes offer varying solutions to this 
problem, with 4 primary approaches emerging in the literature: 
(a) custom gradient definitions that implement manual calcula-
tions for operations not supported by AD frameworks; (b) sur-
rogate functions that replace non-differentiable operations with 

differentiable approximations; (c) smoothing approximations 
that introduce controlled approximations maintaining essential 
behavior while enabling gradient flow; and (d) sub-gradient 
methods that leverage concepts from non-smooth optimization 
theory. The selection of an appropriate strategy depends on 
both the specific non-differentiable operation and the AD 
framework being utilized, with each approach offering different 
trade-offs between implementation complexity and physical 
accuracy.   

Computational efficiency
   Modern imaging systems face increasingly complex computa-
tional challenges stemming from both the volume of data they 
generate and the sophistication of algorithms needed to process 
this information. The computational demands arise primarily 
from their ability to capture extraordinarily rich datasets. 
Consider hyperspectral imaging systems collecting information 
across numerous wavelengths, or time-resolved measurements 
tracking rapid changes in a sample. These advanced modalities 
generate massive, high-dimensional datasets that push well 
beyond what conventional processing approaches can handle 
efficiently.

   This inherent complexity is further amplified by the need 
for system-specific algorithms. Each imaging system has its 
own unique characteristics—particular optical aberrations, 
specific sensor behaviors, and distinct environmental sensitivi-
ties. Our processing algorithms must account for all these fac-
tors while maintaining computational efficiency. For instance, 
an algorithm designed for a fluorescence microscope must 
consider not only the basic physics of light but also the specific 
behavior of the fluorophores, the characteristics of the optical 
filters, and any variations in detector sensitivity across the field 
of view.

   Modern approaches to managing these computational chal-
lenges employ several sophisticated strategies. Compute Unified 
Device Architecture (CUDA)-based parallel processing archi-
tectures distribute calculations across multiple graphics pro-
cessing unit (GPU) cores, enabling faster processing of large 
datasets. Memory-efficient algorithms carefully manage how 
data move through the system, minimizing bottlenecks and 
maximizing throughput. Looking toward the future, emerging 
technologies like photonic computing platforms and special-
ized on-chip solutions offer promising paths to achieving real-
time processing capabilities even with complex datasets.

   The integration of machine learning approaches introduces 
new possibilities for managing computational complexity, but 
also requires careful consideration of how we incorporate physi-
cal understanding into our systems. As shown in Fig.  4 , when 
we use purely data-driven machine learning, we allow our algo-
rithms to learn directly from the data without imposing physical 
constraints. This approach offers great flexibility but requires 
extensive high-quality training data and may struggle when con-
fronted with scenarios that differ from its training examples.

   Physics-informed machine learning takes a middle ground 
by incorporating physical laws as soft constraints during train-
ing. Rather than letting the algorithm learn purely from data, 
we guide it with our understanding of the physical world. This 
approach proves particularly valuable when working with lim-
ited or noisy data, as the physical constraints help prevent the 
system from learning incorrect patterns.

   Structured machine learning represents the most physically 
constrained approach, requiring strict adherence to physical 

Fig 4. Transition from data-driven learning to physical constraints. : Physical 
operator; �: Weight for physics constraints.

D
ow

nloaded from
 https://spj.science.org on July 07, 2025

https://doi.org/10.34133/adi.0117


Chen et al. 2025 | https://doi.org/10.34133/adi.0117 9

laws. While this ensures physically accurate results when our 
understanding of the system is complete, it may struggle to 
adapt to situations where our physical models are imperfect or 
when dealing with noisy real-world data.   

One-way coupling and dynamic adaptation
   Current differentiable imaging systems face a fundamental 
limitation in their operational architecture that significantly 
constrains their ability to respond to changing conditions. 
Despite sophisticated capabilities in modeling physical sys-
tems through differentiable components, most implementa-
tions operate in a unidirectional manner—information flows 
from the physical system to computational models, but rarely 
in the reverse direction in real time. This one-way coupling 
creates a static operational paradigm that fails to fully lever-
age the potential of differentiable frameworks.

   The limitations of this unidirectional approach become par-
ticularly evident in dynamic imaging environments. Consider 
an adaptive optics microscopy system operating in a fluctuating 
thermal environment. As temperature variations induce optical 
misalignments and aberrations, a traditional differentiable imag-
ing system can detect these changes through its measurements 
and potentially update its computational model. However, with-
out a feedback mechanism to adjust physical parameters in real 
time, the system cannot actively compensate for these variations, 
leading to degraded performance until manual recalibration 
occurs. Similar challenges arise in numerous applications: multi-
spectral imaging systems experiencing varying illumination 
conditions, medical imaging devices adapting to patient-specific 
characteristics, and remote sensing platforms subject to atmo-
spheric turbulence. In each case, the inability to close the feed-
back loop between computational models and physical parameters 
prevents these systems from maintaining optimal performance 
in changing environments.

   The theoretical foundation for bidirectional coupling already 
exists within the differentiable imaging framework. The opti-
mization problem formulated in  Eq. 2  simultaneously solves for 
both the imaged object  x    and system parameters  �   . However, 
conventional implementations typically treat  �    as static once 
calibrated, rather than as dynamic variables that can be con-
tinuously updated and physically adjusted during operation. 
Emerging approaches to address one-way coupling operate 
across different timescales. At the fastest level, adaptive optics 
technologies like deformable mirrors can compensate for aber-
rations within milliseconds based on differentiable parameter 
estimates. At intermediate timescales, programmable elements 
such as digital micromirror devices and spatial light modulators 
adjust illumination patterns and phase profiles using computa-
tional feedback. For slower adaptations, robotic systems with 
motorized stages can reposition optical elements based on opti-
mization results—particularly valuable in setups like ptychog-
raphy where positioning precision directly affects reconstruction 
quality. The development of truly bidirectional differentiable 
imaging systems faces several technical challenges. First, physi-
cal actuators introduce their own uncertainties and limitations, 
which must be incorporated into the differentiable model. 
Second, real-time optimization becomes increasingly demand-
ing as model complexity grows, requiring efficient algorithms 
and computational architectures. Third, stability considerations 
become crucial in closed-loop systems, where feedback between 
physical and computational components could potentially lead 
to oscillations or divergent behavior.

   Despite these challenges, the potential benefits of bidirec-
tional coupling are substantial. Systems capable of autonomous 
adaptation could maintain optimal performance across diverse 
operating conditions, automatically compensate for aging com-
ponents or environmental variations, and even reconfigure 
themselves for different imaging tasks. This evolution toward 
adaptive, self-optimizing imaging platforms represents a natu-
ral progression of the differentiable imaging paradigm, extend-
ing its impact from design-time optimization to continuous 
operation-time adaptation.   

Holistic optimization requirements
   Computational imaging has evolved from simple digital capture 
to sophisticated systems that merge optical physics, electronic 
sensing, and computational processing. The fundamental chal-
lenge lies in capturing high-dimensional optical information—
including spatial, spectral, temporal, and polarization data—using 
lower-dimensional measurements, typically on 2-dimensional 
(2D) sensor arrays [ 8 ]. While traditional approaches treated 
optical design, sensor development, and algorithmic processing 
as separate domains, modern systems demand integrated opti-
mization across all components.

   This integration is driven by several key factors. First, the 
optical data cube contains far more information than can be 
captured in a single exposure. As demonstrated throughout 
imaging applications from spectral imaging to temporal cap-
ture, successful system design requires careful selection of 
sampling strategies across the data dimensions. These strate-
gies include temporal scanning, spatial multiplexing, and 
coded aperture techniques that enable compression of high-
dimensional data onto 2D sensors.

   Second, manufacturing and practical implementation con-
straints significantly impact system performance. While theo-
retical designs may approach fundamental limits, real-world 
systems must contend with fabrication tolerances, alignment 
precision, and environmental variations. Recent advances in 
metasurface optical elements provide unprecedented control 
over light’s properties [  93 –  95 ], but maximizing their capabili-
ties requires optimization within the complete system context. 
By incorporating fabrication constraints directly into the design 
process through differentiable programming [  96 ], we can better 
bridge the gap between theoretical capabilities and practical 
implementations.

   Third, modern computational imaging systems increasingly 
rely on sophisticated machine learning algorithms for recon-
struction and analysis. These algorithms must be considered 
during the optical design phase to ensure that the captured data 
enable reliable estimation of desired object properties. The 
emergence of differentiable imaging pipelines allows end-to-
end optimization of optical, electronic, and computational 
components. While theoretical designs may achieve perfor-
mance limits [  97 ,  98 ], practical systems require careful balance 
of resolution, speed, and computational complexity. The opti-
mization challenge thus becomes inherently multidimensional 
[ 50 ]. Physical constraints include system size, power consump-
tion, and thermal management. Computational requirements 
span real-time processing capabilities, memory limitations, and 
algorithm complexity. Application-specific demands further 
constrain the design space—medical imaging requires excep-
tional accuracy, industrial systems must operate in harsh envi-
ronments, and research platforms need flexibility for exploring 
new modalities.
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   The optimization challenge becomes multidimensional, 
requiring careful balance of competing objectives [ 50 ]. At the 
physical level, we must simultaneously optimize system size, 
power consumption, and thermal management while maintain-
ing optical performance. The integration of optical computing 
further complicates this balance, demanding seamless interac-
tion between optical and electronic processing domains.

   This holistic perspective represents a fundamental shift from 
traditional sequential optimization approaches. Rather than 
designing optical components first and then developing com-
putational processing, modern systems require frameworks 
that simultaneously optimize physical, computational, and 
application-specific elements. Success in this domain requires 
new design tools that can handle the complete system complex-
ity while producing practically implementable solutions.    

Future Directions and Outlook
   The evolution of differentiable optical imaging marks a trans-
formative shift in computational imaging, fundamentally chang-
ing how we approach system design, optimization, and control. 
This framework’s ability to bridge the gap between physical 
reality and computational models through rigorous mathemati-
cal formulations opens several promising pathways for future 
development.  

Digital twin-equipped computational imaging
   As computational imaging systems grow increasingly sophis-
ticated, managing their complexity demands new approaches 
that bridge the gap between physical hardware and computa-
tional models. Digital twin technology, though not yet fully 
explored in imaging applications, offers intriguing possibilities 
for dynamic monitoring, optimization, and prediction of sys-
tem behavior. Differentiable imaging provides a natural founda-
tion for this integration [ 19 ]. Its ability to work with generic 
computer programs and combine different mathematical for-
malisms enables joint optimization of both inverse problems 
and system design. This flexibility, coupled with the capacity 
to leverage off-the-shelf machine learning frameworks, creates 
a powerful platform for addressing challenges across multiple 
scales.  

Brief introduction of digital twin
   The concept of digital twins emerged from a practical need to 
solve complex engineering challenges. During the space pro-
grams in the 1960s, NASA faced a critical problem: how to 
diagnose and fix spacecraft issues when the physical system 
was thousands of miles away. Their solution—creating exact 
physical duplicates for ground-level testing and simulation—
proved invaluable during the Apollo 13 mission, when these 
replicas helped engineers solve life-threatening problems aboard 
the spacecraft [  99 ]. A transformative shift occurred in 2002 
when Dr. Michael Grieves proposed replacing physical dupli-
cates with digital counterparts [  100 ]. This initial concept evolved 
significantly through subsequent developments [  101 –  103 ], 
marking the birth of modern digital twin technology and fun-
damentally changing how we approach system monitoring and 
optimization. As technology has advanced, digital twins have 
evolved far beyond simple virtual models. Today’s digital twins 
integrate real-time data collection through Internet of Things 
devices, sophisticated simulation models, and predictive ana-
lytics powered by machine learning algorithms [  104 ]. This 

combination enables capabilities that would have been impos-
sible with physical duplicates: real-time monitoring across 
multiple parameters, predictive maintenance that anticipates 
failures before they occur, and dynamic optimization that con-
tinuously improves system performance [  105 ,  106 ]. The impact 
of digital twins has transformed numerous complex engineer-
ing domains [  107 –  109 ]. In aerospace, manufacturers leverage 
digital twins to monitor and optimize aircraft performance 
throughout their operational life cycle [  110 ,  111 ], while manu-
facturing plants use them to streamline production and predict 
maintenance needs [ 106 ]. The technology has enabled ambitious 
projects like Nvidia’s Earth-2, which aims to create a digital twin 
of our entire planet [  112 ,  113 ], demonstrating its potential to 
address challenges at unprecedented scales. In precision engi-
neering, digital twins enable real-time metrology [  108 ], and in 
photonics and optics, they advance innovation while optimiz-
ing performance and production costs [  114 ].   

Digital twin-equipped computational imaging
   The growing complexity of computational imaging systems has 
revealed an urgent need for holistic optimization approaches. 
While differentiable imaging has made substantial advances in 
addressing system-wide optimization challenges, the require-
ment for adaptive and dynamic system monitoring remains. 
Digital twin technology, with its proven success in other 
domains, offers complementary capabilities that could address 
these remaining challenges.

   A proposed framework, illustrated in Fig.  5 , would establish 
bidirectional communication between physical and virtual 
domains through differentiable modeling. Such a system might 
comprise 2 main components: a physical counterpart handling 
data acquisition and control, and a virtual counterpart utilizing 
differentiable models for system optimization and parameter 
quantification. The physical twin would generate measurements 
through the mapping:

﻿﻿  

where  fp    represents the physical system model with inherent 
uncertainties from environmental and systemic interactions. 
In parallel, the Virtual Digital Twin would aim to emulate this 
physical system through differentiable components:
﻿﻿           

   Here, f represents interconnected subsystem models based 
on physical principles, with virtual parameters  �v    that may 
deviate from physical parameters due to systemic uncertainties. 
This framework could enable system refinement through 2 
processes. State estimation might determine virtual parameters 
﻿�v(t)    at time t through optimization:

﻿﻿   

   Model predictive control could then optimize control signals 
based on predicted behavior:

﻿﻿  
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﻿﻿  

where  w(t+n)    represents process noise capturing statistical 
uncertainties.

   This framework demonstrates particular synergy with adap-
tive optics systems. While adaptive optics provides rapid physi-
cal wavefront correction through real-time feedback loops, 
digital twins enable predictive optimization and control across 
longer timescales. The integration creates a multi-timescale 
optimization approach: digital twins reduce system latency 
through predictive modeling and parameter optimization, 
while adaptive optics provides high-speed measurement data 
for model refinement. This combination enables robust imaging 

systems capable of handling complex dynamic environments 
while maintaining optimal performance.  

Enhanced capabilities and applications
   Digital twin-equipped computational imaging extends beyond 
basic system modeling to enable several advanced capabilities. 
First, it facilitates automated calibration processes that continu-
ously refine system parameters during operation, eliminat-
ing the need for frequent manual recalibration and enabling 
deployment in less controlled environments. This is particularly 
valuable in field applications such as remote sensing, astro-
nomical observation, and portable medical imaging where 
environmental conditions fluctuate unpredictably. Second, 

(7)�p(t+n+1) = �p(t+n) + u(t+n)Δt + w(t+n)

Fig 5. Schematic of digital twin-equipped computational imaging.

D
ow

nloaded from
 https://spj.science.org on July 07, 2025

https://doi.org/10.34133/adi.0117


Chen et al. 2025 | https://doi.org/10.34133/adi.0117 12

digital twins enable predictive maintenance by monitoring 
degradation patterns in optical elements, sensors, and mechani-
cal components. The system can identify early indicators of 
performance deterioration before they manifest in image qual-
ity, allowing for scheduled maintenance rather than reactive 
repairs. For instance, in high-precision microscopy or indus-
trial inspection systems, the digital twin can detect subtle 
changes in illumination uniformity or optical transmission that 
might indicate component aging. Third, these systems excel at 
anomaly detection and fault diagnosis. By continuously com-
paring measured data with predicted outputs, digital twins can 
identify unexpected deviations that may indicate hardware 
malfunctions, environmental interference, or novel phenomena 
of scientific interest. This capability proves particularly valuable 
in autonomous imaging systems deployed in remote or hazard-
ous environments.   

Implementation considerations
   Successfully implementing digital twin-equipped computational 
imaging requires addressing several key considerations. The 
fidelity of the virtual twin depends critically on the accuracy of 
underlying physical models. These models must balance com-
putational efficiency with physical accuracy, particularly for 
real-time applications. Differentiable physics-based models 
provide an ideal foundation, as they enable efficient parameter 
updates while maintaining physical consistency. The commu-
nication framework between physical and virtual twins rep-
resents another important consideration. This bidirectional 
data exchange must operate with minimal latency while han-
dling potentially large volumes of image data and parameter 
updates. Edge computing architectures that distribute processing 
between local hardware and centralized resources can optimize 
this communication, particularly for resource-constrained mobile 
imaging systems. Uncertainty management presents a third criti-
cal consideration. Both measurement uncertainty in the physical 
system and modeling uncertainty in the virtual twin must be 
quantified and propagated through the control loop. Bayesian 
approaches that maintain probability distributions over system 
parameters offer a principled framework for decision-making 
under uncertainty, enabling robust performance even when 
faced with incomplete or noisy measurements.   

Emerging applications
   Several emerging application domains stand to benefit signifi-
cantly from digital twin-equipped computational imaging. In 
medical imaging, digital twins could enable personalized imag-
ing protocols that adapt to individual patient characteristics and 
clinical objectives. By maintaining patient-specific models that 
account for anatomical variations and tissue properties, these 
systems could optimize acquisition parameters to minimize 
radiation dose or contrast agent requirements while maximizing 
diagnostic information. In optical microscopy, digital twins 
could transform live-cell imaging by predicting and compensat-
ing for phototoxicity and photobleaching effects. The virtual 
twin could model the photochemical response of fluorophores 
and cellular structures, enabling intelligent illumination strate-
gies that preserve sample viability while capturing critical bio-
logical dynamics. Space-based observation systems represent 
another promising application domain. Here, digital twins could 
compensate for the harsh operating environment and limited 
maintenance opportunities by continuously adapting to radia-
tion damage, thermal fluctuations, and mechanical wear. This 

would extend the effective lifetime of these costly instruments 
and maintain scientific productivity throughout their opera-
tional lifespan. Industrial machine vision systems could leverage 
digital twins to adapt to changing production conditions and 
materials. The virtual twin would model interactions between 
illumination, materials, and imaging optics, enabling robust 
inspection performance despite variations in product appear-
ance, lighting conditions, or camera positioning.   

Integration with differentiable imaging
   The synergy between differentiable imaging and digital twins 
creates a particularly powerful framework for computational 
imaging. Differentiable imaging provides the mathematical 
foundation for efficiently updating the virtual twin based on 
measured data, while digital twins extend differentiable imag-
ing with temporal modeling and predictive capabilities. This 
integration enables joint optimization across multiple times-
cales: differentiable imaging optimizes the fundamental system 
design and reconstruction algorithms, while digital twins 
handle dynamic adaptation during operation. Together, they 
create imaging systems that not only perform optimally under 
nominal conditions but also adapt intelligently to changing 
environments, aging components, and evolving application 
requirements. As computational resources continue to advance, 
we anticipate increasingly sophisticated digital twin implemen-
tations that incorporate multi-physics modeling, real-time 
uncertainty quantification, and learning-based adaptation. This 
evolution will further enhance the robustness and capability of 
computational imaging systems across scientific, medical, and 
industrial applications.     

Emerging opportunities
   The evolution of differentiable optical imaging marks a transfor-
mative shift in computational imaging, fundamentally changing 
how we approach system design, optimization, and control. This 
framework’s power lies in its ability to bridge the gap between 
physical reality and computational models through rigorous 
mathematical formulations and comprehensive uncertainty han-
dling. Looking ahead, several promising pathways could further 
transform imaging system design and implementation.  

Technical advances and innovation
   The integration of advanced manufacturing techniques with 
differentiable optimization opens new possibilities in system 
design. By incorporating computational models directly into 
the physical fabrication process, we can optimize entire systems 
while accounting for real-world manufacturing constraints 
and tolerances. This integrated approach enables the develop-
ment of hybrid optical–electronic systems that leverage the 
strengths of both domains. The framework enables entirely 
new approaches to imaging itself. Multi-modal imaging sys-
tems can now effectively combine different contrast mechanisms, 
providing richer information about specimens than previously 
possible. Through real-time optimization of system configura-
tions, these adaptive imaging systems can respond dynamically 
to changing experimental conditions and requirements.   

Enhanced experimental capabilities
   Differentiable imaging is revolutionizing experimental proto-
cols through sophisticated data-driven optimization. Instead 
of relying on fixed measurement sequences, advanced sampling 
strategies can now adapt in real time based on the information 
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content of each measurement. This dynamic approach enables 
imaging systems to continuously adjust their parameters based 
on current observations, ensuring optimal performance even 
as conditions change. These capabilities prove particularly valu-
able in complex imaging applications where traditional fixed 
protocols might miss crucial information or waste resources 
on redundant measurements.   

Theoretical challenges and opportunities
   The future advancement of differentiable imaging requires 
addressing several key theoretical challenges. Current models 
must extend to incorporate quantum effects and nonlinear 
phenomena, enabling more accurate system representations. 
We need more efficient optimization algorithms capable of 
handling high-dimensional parameter spaces without becom-
ing trapped in local minima. The field needs unified frame-
works that can bridge multiple physical domains, facilitating 
more comprehensive system design and analysis. At a more 
fundamental level, we must consider whether computational 
imaging might help us exceed traditional optical system lim-
its. The question of achieving true holistic optimization—
considering physical, computational, and application-specific 
requirements simultaneously—remains a substantial chal-
lenge that requires innovative solutions.    

Path forward
   The impact of differentiable imaging extends significantly beyond 
technical improvements to enable transformative approaches to 
scientific discovery. The framework permits automated hypoth-
esis generation and testing through differentiable physical models, 
potentially accelerating research processes across multiple disci-
plines. Through systematic exploration of parameter spaces that 
would be intractable with traditional methods, researchers can 
discover new physical phenomena that might otherwise remain 
undetected. The integration of physical understanding with data-
driven insights creates powerful new tools for scientific investiga-
tion that maintain interpretability while leveraging computational 
efficiency.

   Differentiable imaging provides substantial advantages to 
artificial intelligence (AI) for science initiatives by establishing 
a robust bridge between first-principles physics and data-driven 
discovery. By embedding physical laws directly into differ-
entiable computational frameworks, it enables scientists 
to develop models that maintain physical consistency while 
harnessing the optimization capabilities of machine learning 
techniques. This integration addresses several critical chal-
lenges in scientific AI applications: it substantially reduces data 
requirements compared to purely data-driven approaches—
a substantial advantage in scientific domains where high-
quality labeled data are scarce or prohibitively expensive; it 
maintains interpretability by preserving the physical meaning 
of parameters throughout the optimization process; and it 
facilitates rigorous uncertainty quantification that adheres to 
scientific standards.

   In fields such as molecular imaging, material characteriza-
tion, and astronomical observation, differentiable imaging has 
demonstrated remarkable capabilities in extracting meaningful 
insights from noisy, incomplete data while maintaining physical 
realism. By enabling end-to-end optimization of entire experi-
mental pipelines—from instrument design through data acqui-
sition to analysis—differentiable imaging allows AI for science 
to operate across traditional disciplinary boundaries, potentially 

revealing previously inaccessible phenomena. As scientific dis-
covery increasingly relies on computational methods to interpret 
complex experimental data, differentiable imaging’s capacity to 
maintain physical consistency while adapting to empirical evi-
dence positions it as an essential methodology for advancing 
AI for science initiatives.

   The continued evolution of computational capabilities, cou-
pled with advances in machine learning and optimization algo-
rithms, suggests a promising future for differentiable imaging 
applications. As these technologies mature, we anticipate break-
through applications across diverse fields ranging from biologi-
cal imaging to industrial inspection and quality control. 
Alongside the potential of digital twins discussed previously, 
these developments collectively indicate a future where imaging 
systems become increasingly sophisticated, adaptive, and capa-
ble of addressing complex scientific challenges that currently 
remain beyond reach.

   The key to realizing this potential lies in developing unified 
approaches that seamlessly integrate physical understanding, 
computational optimization, and real-world applications. While 
substantial challenges remain in areas such as computational 
efficiency, model fidelity, and system integration, the founda-
tion established by differentiable imaging and the promise of 
digital twin integration suggest a transformative path forward 
for computational imaging science. The convergence of these 
methodologies may enable new generations of imaging systems 
that not only capture but also interpret and analyze complex 
phenomena, fundamentally changing how we observe and 
understand the world around us.    

Conclusion
   The emergence of differentiable imaging represents a paradigm 
shift in computational imaging, fundamentally redefining how 
we conceptualize, design, and optimize imaging systems. By 
bridging the persistent gap between physical reality and com-
putational models through end-to-end differentiable frame-
works, this approach enables unprecedented capabilities in 
addressing system uncertainties, optimizing complex optical 
setups, and expanding imaging capabilities beyond traditional 
limitations.

   Throughout this review, we have demonstrated how differ-
entiable imaging excels in 3 critical dimensions. First, it system-
atically addresses physical–numerical model mismatches—both 
deterministic uncertainties, like alignment errors and manu-
facturing tolerances, and stochastic uncertainties, such as sensor 
noise and environmental variations. Second, it enables true 
system co-design by simultaneously optimizing optical and 
computational elements as an integrated system rather than 
separate components. Third, it extends imaging capabilities 
while compensating for hardware limitations, democratizing 
access to advanced imaging techniques that would otherwise 
require prohibitively expensive equipment.

   As we look to the future of this rapidly evolving field, several 
fundamental research directions emerge. The integration of 
differentiable imaging with digital twin technology presents a 
particularly promising frontier, potentially enabling real-time 
system monitoring, predictive maintenance, and adaptive opti-
mization across multiple timescales. This integration could trans-
form imaging systems from static instruments into dynamic, 
self-optimizing platforms that continuously adapt to changing 
conditions and requirements.
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   Theoretical advances are needed to extend current differen-
tiable frameworks to incorporate quantum effects, nonlinear 
phenomena, and multi-physics interactions that characterize 
complex imaging scenarios. More efficient optimization algo-
rithms capable of navigating high-dimensional parameter 
spaces without becoming trapped in local minima will be cru-
cial for realizing the full potential of differentiable imaging in 
practical applications.

   The growing convergence between differentiable imaging 
and AI for science initiatives offers exciting possibilities for 
scientific discovery. By embedding physical laws directly into 
differentiable computational frameworks, these approaches 
enable the development of models that maintain physical con-
sistency while leveraging the power of machine learning optimi-
zation. This integration significantly reduces data requirements 
compared to purely data-driven approaches—a critical advan-
tage in scientific domains where high-quality labeled data are 
scarce—while maintaining interpretability and enabling rigor-
ous uncertainty quantification.

   Perhaps the most profound question facing differentiable imag-
ing is whether it might help us exceed traditional limits in optical 
system performance. By holistically optimizing across physical, 
computational, and application-specific dimensions simultane-
ously, differentiable frameworks may uncover novel system con-
figurations that transcend conventional design paradigms.

   Ultimately, differentiable imaging represents not merely a 
technical advancement but a fundamental reconceptualization 
of imaging science itself. As this field continues to mature, we 
anticipate a new generation of imaging systems that combine 
physical accuracy with computational efficiency, that adapt 
intelligently to changing conditions, and that push the bound-
aries of what we can observe and measure about the world 
around us. The methodologies and principles discussed in this 
review provide a foundation for researchers and practitioners 
working to realize this vision across scientific, medical, indus-
trial, and consumer applications.   
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