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Differentiable Imaging: A New Tool for Computational
Optical Imaging

Ni Chen,* Liangcai Cao, Ting-Chung Poon, Byoungho Lee, and Edmund Y. Lam

The field of computational imaging has made significant advancements in
recent years, yet it still faces limitations due to the restrictions imposed by
traditional computational techniques. Differentiable programming offers a
solution by combining the strengths of classical optimization and deep
learning, enabling the creation of interpretable model-based neural networks.
Through the integration of physics into the modeling process, differentiable
imaging, which employs differentiable programming in computational
imaging, has the potential to overcome challenges posed by sparse,
incomplete, and noisy data. As a result, it has the potential to play a key role
in advancing the field of computational imaging and its various applications.

Computational imaging,[1] which merges the fields of imaging
and computation, extracts valuable information from indirect
measurements, enabling capabilities that cannot be achieved
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with conventional techniques. This ap-
proach has opened up new avenues
in various aspects of imaging and of-
ten provides results beyond the physi-
cal limitations of optics. Computational
imaging offers new forms of visual
information,[2,3] reduced hardware com-
plexity and cost,[4,5] and higher resolu-
tions compared to traditional imaging
techniques.[6,7] It has been successfully
applied in various fields, including sci-
ence and medicine, commerce and in-
dustry, safety, security, and defense. How-
ever, there are still challenges and op-
portunities in the field of computational
imaging that require further exploration.

Differentiable programming, first introduced as “Differen-
tiable Functional Programming” in 2015,[8] has gained popular-
ity in recent years as a prominent research area and is widely
considered the future of software engineering. This form of pro-
gramming is a generalization of deep learning and has been un-
locked by the popularity of machine learning frameworks such as
TensorFlow,[9] PyTorch,[10] and JAX.[11] Differentiable program-
ming has been applied to various research fields, including imag-
ing, where it has been successfully used to overcome challenges
in current computational imaging techniques. Examples of such
applications include ptychography,[12] X-Ray tomography,[13] opti-
cal microscopy,[14,15] electron microscopy for denoising and phase
imaging.[16,17]

In computational imaging, the full potential of differentiable
programming has yet to be fully realized. This perspective paper
aims to revisit the challenges in computational imaging and ex-
amine the promise of incorporating differentiable programming
into this field, referred as differentiable imaging. This paper is or-
ganized as follows. First, an overview of computational imaging
and differentiable programming is provided in Sections 1 and 2,
respectively. In Section 3, the challenges of computational imag-
ing are discussed along with the capabilities of differentiable pro-
gramming, and how the latter could potentially overcome these
challenges. Finally, the perspective is summarized in Section 4.

1. Computational Imaging

We distinguish computational imaging from its usage in the
computer science community which typically refers to a one-
to-one mapping from object space to image space. On the
contrary, we are interested in understanding imaging physics
and adopt the definition of computational imaging as the joint
design of front-end optics and post-detection computing to
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Figure 1. Schematic of a typical computational imaging system. The encoding process consists of light sources, delivery optics, light-object interaction,
collection optics, and measurement sensors. The decoding process conducts numerical reconstruction of target physical quantities from measurements.

achieve scientific imaging from indirect measurements.[1] A
typical computational imaging system mainly consists of two
components: physical encoding and computational decoding,
which is depicted schematically in Figure 1.

The encoding stage transfers the electromagnetic waves from
an object into intensity measurement images. This involves how
light travels through an entire optical system to reach electronic
sensors and the mathematical formulation of the measurements
in terms of physics, in which the light source, optical elements,
light-wave interaction, and electronic signal transition all play a
role. The decoding stage estimates the desired physical quantity
using these measurements.[6] It differs from traditional digital
image processing as it takes into account the underlying physics
of the imaging system, requiring a precise model of the encod-
ing process. We could simply model the encoding as y = f (x),
where x is a vector representing the object, f(· ) denotes the system
transformation, and y is another vector representing the mea-
surements, such as a collection of images.

The philosophy of computational imaging is to jointly de-
sign front-end encoding optics and post-detection decoding com-
putation so as to balance optics and electronics processing
capabilities.[1] This is typically employed to achieve the following
goals:

• Image reconstruction, that is, restoring x from y. This mainly
focuses on the decoding process with (or without) prior knowl-
edge of the encoding physics, to estimate the objects from
the measurements, and fundamentally solve ill-posed inverse
problems.[18,19] Phase retrieval and its variants are typical
examples.[20–22] Two main techniques used to solve ill-posed
problems are numerical optimization and neural networks.
These methods incorporate prior information about the object,
either analytically or based on empirical observations, to solve
the problem. Numerical optimization usually starts with an an-
alytical theoretical model f that perfectly fits the real imaging
system and then optimizes to obtain x by minimizing a cho-
sen error metric of difference between the numerical forward
and real measurements.[23] Data-driven neural networks, on
the other hand, typically aim to learn the implicit representa-
tion parameters by minimizing the loss functions from train-

ing datasets in order to obtain an inverse mapping from mea-
surements to the signal, that is, f −1(⋅) : y → x.[24–26]

• Imaging system design, that is, designing f(· ) with constraints.
This works on improving the existing imaging systems to
achieve better performance or creating new imaging modal-
ities to reduce measurement marginal costs, such as size,
weight, or the total cost of a system. Examples include coded
aperture for vision cameras[27]; structured illumination[28] and
point-spread-function (PSF) engineering[29] in 3D imaging
to tackle the dimension mismatch; coded apertures in X-
ray/𝛾-ray imaging to improve the acquisition time[30]; lensless
imaging[4,31] for achieving a compact form-factor of the sys-
tem, etc.

Clearly, the two facets are fundamentally dependent on the
encoding of the imaging systems, which must be meticulously
modeled. However, the aforementioned encoding model typically
oversimplifies the optics to a few objective parameters ignoring
the wave nature of light, aberrations, and system sensitivities.
This oversimplification diminishes the power of computational
imaging, which may no longer be able to simulate the optical
system realistically. To create a more realistic model, a deeper un-
derstanding of the individual components of the encoding optical
system is necessary. The illumination system, which is made up
of light sources and/or some optical elements, generates photons
that travel either transmissively or reflectively through and inter-
act with the target object. Afterward, the delivery and collection
optics, as well as the electronic sensors, collect the object infor-
mation encoded within these waves. Each of the sub-process has
its own encoding function f∗(⋅,𝜽), where 𝜽 is a collection of pa-
rameters. The light source, which could be a laser, laser diode,
LED, X-ray, ambient light, or light source array, can be repre-
sented as a function fi(⋅,𝜽i) of wavelength, coherence, polariza-
tion, etc., and then determines the light-object interaction fx(· )
in conjunction with the illumination optics foi(⋅,𝜽oi) and the ob-
ject physical properties. Possible light-object interaction models
are thin transparency, Born or Rytov expansions, beam propa-
gation, transmission matrix, etc. Both the illumination fio(⋅,𝜽io)
and collection optical systems fco(⋅,𝜽co) could be functions of pa-
rameters related to apertures, lenses, polarizers, diffusers, spatial
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Figure 2. Schematic of generalized differentiable programming.

light modulators (SLM), and other elements. The sensor function
fc(⋅,𝜽c), could be associated with sensor sampling, quantization,
and photon-to-electron transduction accompanied by inevitable
noise. The overall forward model of the system thus becomes a
composition function:

y = f (x,𝜽) + n


, f = n

◦fc◦foc◦fx◦foi◦fi, (1)

where ○ is the function composition operator. n


and n


are
signal-dependent photon noise and signal-independent thermal
random noise, respectively.[23]

Given the above expression, the complexity of a realistic for-
ward model in imaging systems stems from the contribution of
each optical element as well as the uncertainty introduced by sys-
tem imperfections and noise. It is important to acknowledge this
complexity when developing image reconstruction algorithms or
designing imaging systems.

2. Differentiable Programming

What is differentiable programming, and how does it exert such
power? Based on various sources, we define it as[32,33]

Differentiable programming is a programming paradigm that
creates software composed of differentiable and parameterized
building blocks (a computer graph) that are executed via auto-
matic differentiation and optimized in order to perform a speci-
fied task. These programs can also rewrite parts of themselves
along a gradient.

As graphically depicted by Figure 2, a typical differentiable pro-
gram consists of 1) a computer graph; 2) an objective function;
3) a calculation of the derivatives of the objective function with
automatic differentiation; 4) a gradient-based optimization.

To execute automatic differentiation, functions are first con-
verted into an acyclic directed computer graph in terms of ele-

mentary operations (primitives) with known derivatives to which
the chain rule may be applied. A computer graph is a composition
of parameterized, differentiable functions, methods, and models
that deal with inputs and outputs, which contain the program’s
control flow and data structures. This form of computer graph il-
lustrates the interdependence of all the parameters. It should be
noted that neural networks are a type of specific computer graph
with many separate elements (nodes). To differentiate with re-
spect to input parameters, each node holds information that con-
tributes to the derivative at that point, which is combined and
propagated using the chain rule and the differentiation rules for
each operation.

Automatic differentiation, also known as “algorithmic
differentiation”[34] is a set of techniques for automatically
evaluating the gradient of functions that are implemented as
computer programs.[35] Simply put, automatic differentiation is
an algorithmic way to use the chain rule of differentiation at the
elementary operation level, with intermediate derivative values
stored in memory. This is based on the fact that all numerical
computations are ultimately composed of a finite number of
primitive operations with known derivatives. Combining these
derivatives of the constituent operations through the chain rule
then yields the derivative of the overall composition.

Automatic differentiation can be calculated in two ways:
forward[36] and backward (reverse)[37,38] automatic differentia-
tion. These two methods can be differentiated based on the di-
rection in which derivatives are computed when the chain rule
is applied. Forward automatic differentiation calculates numer-
ical derivatives by performing elementary derivative operations
in parallel with the evaluation of the function, going from input
to output. On the other hand, backward automatic differentia-
tion uses an extension of the forward computational graph to
find the gradient by traversing the graph in reverse, from out-
put to input. Figure 3 demonstrates the evaluation of the deriva-
tives of the function y = f(x1, x2) = sin (x1) + x1x2 at (x1, x2) =
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Figure 3. An example of automatic differentiation with y = f(x1, x2) = sin (x1) + x1x2 evaluated at (x1, x2) = (2, 1).

(2, 1) using forward and backward automatic differentiation, re-
spectively. Assuming that the vn are elementary functions with
known individual derivatives, the computer graph in Figure 3a
represents the function f as a composition of v3○v2○v1○v0○v−1.
At the given point (x1, x2) = (2, 1), the value of f can be com-
puted by following the sequence of evaluations shown in the pri-
mal trace of Figure 3b. In forward mode automatic differentia-
tion, the primal evaluation from Figure 3b is augmented with
derivative operations, represented as v̇i =

𝜕vi

𝜕xi
in Figure 3c. Each

line in the forward differentiation trace complements its corre-
sponding line in the original primal trace. By starting with the
initialization of ẋ1 = 1 and setting the rest to zero, evaluation of
𝜕y

𝜕x1
can be conducted through the primal trace with the corre-

sponding derivatives from top to bottom. In backward mode auto-
matic differentiation, the adjoint operations v̄i = ȳ = 𝜕yi

𝜕vi
are eval-

uated in reverse order, starting from the bottom of the forward
primal trace evaluation and working towards the top, as demon-
strated in Figure 3d. This process begins with the initialization
of v̄3 = ȳ = 𝜕y

𝜕y
= 1, both 𝜕y

𝜕x1
and 𝜕y

𝜕x2
are computed in the same

reverse pass.
The above example illustrates that forward automatic differ-

entiation is an efficient and straightforward method for evaluat-
ing the derivatives of functions with a small number of inputs, f:
Rn → Rm where n is small. However, its computational complex-
ity increases with the number of inputs, n. On the other hand,
for functions with a large number of inputs, n ≫ m, backward
automatic differentiation is a more efficient option, but requires
more storage. This example also demonstrates the potential for
expanding the calculation to include additional nodes, variables,
and operations. When classical control flow, such as an if state-
ment, is present, the computational graph branches and gradi-
ents are only computed in the applicable branch. As a result, it is

possible to compute derivatives not only for mathematical func-
tions, but for general-purpose computer code that includes con-
trol flow, loops, recursions, and so on.

3. Differentiable Imaging

Despite recent advancements in image reconstruction
algorithms[6,18] and imaging system design,[4,39] the poten-
tial of computational imaging remains untapped by the existing
challenges in the field. To fully realize its capabilities, it is
necessary to tackle these challenges through the adaptation of
differentiable programming. In the following, we revisit the
challenges in computational imaging, examine how differen-
tiable programming can overcome these obstacles, and highlight
two promising directions for resolution.

3.1. Challenges in Computational Imaging

Computational imaging faces two major interrelated challenges:
(1) the uncertainty in the physical model and (2) the difficulty
in implementing a joint-design philosophy that balances com-
putational techniques with practicality.[1] The uncertainty in the
physical model raises the complexity of system modeling and ne-
cessitates the use of more advanced computational techniques.
On the other hand, the requirement for precise and stable sys-
tems in joint-design philosophy makes it challenging to imple-
ment in practice.

Uncertainty of the Physical Model: The main challenge in in-
verse image reconstruction in computational imaging is uncer-
tainty in the forward encoding process, which arises from sys-
tem imperfections and noise.[23] Imperfect optical devices and
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elements, misalignment due to practitioner skills and imaging
conditions, and device- and content-dependent noise are some
of the factors that contribute to this uncertainty. Accounting for
these uncertainties in the inverse problem solver and system de-
sign is crucial but remains an under-explored area.[26,40,41] How-
ever, accurately characterizing the encoding system is often dif-
ficult or impractical, and researchers must strike a balance be-
tween more realistic models and simpler, computationally fea-
sible models. Additionally, the sensitivity to noise and the level
of artifacts introduced by post-processing are practical considera-
tions. To address these challenges, there is a need to concurrently
model uncertainties and design the subsequent decoding algo-
rithms.

Practice of Joint-Design Philosophy: The philosophy behind
computational imaging aims to strike a balance between the
processing capabilities of optics and electronics through concur-
rent and joint design. This has numerous benefits for compu-
tational imaging as demonstrated in various studies.[42–44] Joint
design can be accomplished through various means, including
computational joint optimization and encoding-decoding joint
design (or in-loop hardware-software design). Although in-loop
hardware-software design is comparatively sluggish compared to
computational practices, the primary challenge in computational
imaging lies in computational techniques. Particularly, there are
primarily two approaches for solving inverse problems[45]: classi-
cal optimization and neural network-based algorithms, each with
its own advantages and disadvantages.

• Classical optimization algorithms. The ill-posed nature of
most computational imaging problems leads to the use of reg-
ularization methods in classical optimization techniques.[46]

These methods typically consist of a data term and a regu-
larization term, where the data term represents the underly-
ing physics model and the regularization term incorporates
problem constraints. A wide range of methods has been pro-
posed to choose these two components and implement appro-
priate optimization algorithms. Some regularizers, such as the
ℓ1 norm,[47] involve non-differentiable metrics, which necessi-
tate the use of proximal gradients for iterative optimization.[48]

Common algorithms include least absolute shrinkage and
selection operator (Lasso),[49] iterative shrinkage and thresh-
old algorithm (ISTA)[50] and its variants fast ISTA (FISTA)[51]

and TwIST,[52] alternating direction method of multipliers
(ADMM),[53,54] and Adam.[55] However, many of these algo-
rithms require a simplified gradient expression of the met-
ric function, making it difficult to tackle complex inverse
imaging problems that arise from measurement noise, non-
uniqueness, and high dimensions of the solution. In some
cases, it may even be impossible to apply these algorithms to
these challenging inverse imaging problems.[44,56–58]

• Neural network algorithms. The use of neural networks has
been successful in many research fields,[59–61] but it is not
without its challenges. In the field of computational imag-
ing, one such challenge is the difficulty in preparing ground-
truth data.[24,62–64] Using data-based neural networks without
knowledge of the forward physical model can result in predic-
tions that are unexplainable, lack verification and reproducibil-
ity, and are not adaptable to imaging system uncertainties. To
overcome these limitations, researchers have explored physics-

informed methods that incorporate physical knowledge and
priors into neural networks,[65] such as recurrent dictionary
training, cascaded unroll networks,[58,66] and single-pass un-
trained networks.[67,68] However, this incorporation reduces
the efficiency of deep learning.

Neither classical optimization nor neural networks alone are ca-
pable of effectively handling complex models with uncertain-
ties, which is why current computational imaging techniques
tend to separate optics and computation rather than allow them
to interact. Although some techniques utilize joint optimiza-
tion approaches,[43,44] in-loop hardware-software co-design is
rarely practiced.

However, computational imaging strives for a greater under-
standing of the world through the improvement of both image
reconstruction and system design. This requires advanced mod-
eling of physical systems and the development of computational
techniques that can handle complex models and dynamic op-
tical systems. To achieve this, computational techniques must
be expressive and capable of handling uncertainties. With these
challenges in mind, differentiable programming emerges as the
most suitable technique to tackle a considerable part of the diffi-
culties in computational imaging. This is because differentiable
programming embodies the characteristics necessary to address
the aforementioned challenges. By outlining these characteris-
tics, we can demonstrate how differentiable programming can
be applied in computational imaging.

3.2. Characteristics of Differentiable Programming

Recall that uncertainty modeling and a lack of computational
techniques to handle complex imaging models are the two main
challenges in computational imaging. Differentiable program-
ming could overcome these because of the following character-
istics.

• Work on generic computer programs. Firstly, differentiable
programming automates the differentiation process in ma-
chine precision and can be applied to any regular computer
program that employs control flow mechanisms (branches,
conditional loops, and recursion), allowing for greater flexi-
bility in selecting the data term, regularization term, and op-
timizer in classical optimization, without requiring manual
calculation of derivatives. This can enable the use of differ-
ent data terms, such as least-square error or Poisson maxi-
mum likelihood, depending on the noise distribution of the
measurements.[69] Additionally, uncertainties can be incorpo-
rated into the forward imaging model with less simplifica-
tion, and physics-based and data-based priors can be used as
regularizers.[51–53] Second, automatic differentiation also pro-
vides more options for problem modeling strategies.[21,70] For
example, in 3D surface imaging, the height can be converted
from the phase of the wavefront that is measured using in-
terferometry, and this inverse problem can be simplified by
treating the height as the optimization target and defining the
function’s domain to be real. Overall, the flexibility offered by
automatic differentiation allows for a wider range of optimiza-
tion strategies and imaging capabilities.
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Figure 4. Schematic of a differentiable imaging system. Both the encoding and decoding processes involve additional parameter 𝜽 of the imaging
system, which can also be used for feedback to improve the imaging systems.

• Mix-and-match of differentiable building blocks. Differen-
tiable programming enables the integration of prior knowl-
edge at multiple levels of abstraction by composing differen-
tiable building blocks. This mix-and-match capability allows
for a deeper level of integration, unlike modular system design
that can limit the potential for joint optimization and lead to
mass manufacturing.[1] The ability to mix-and-match different
mathematical formalisms facilitates the joint design of both in-
verse imaging problems and imaging systems, making it pos-
sible to address challenges at both small and large scales.

• Incorporate off-the-shelf machine learning frameworks. The
use of automatic differentiation in machine learning has en-
abled the development of various methods that rely on gra-
dient information for model training.[9–11,71] This has made
it possible for researchers to quickly and easily combine off-
the-shelf network building blocks with numerical optimiza-
tion using just a few lines of code. By combining existing com-
putational techniques, it becomes possible to leverage the ef-
ficiency of numerical optimization and the expressiveness of
neural networks in the field of computational imaging.

In summary, differentiable programming offers a solution to the
challenges in computational imaging by enabling the modeling
of uncertainty, providing a flexible approach for large-scale in-
verse imaging problem solving through the combination of mod-
ular techniques, and integrating pre-existing machine learning
frameworks. Moreover, its ability to dynamically modify compu-
tation graphs during optimization allows for the design of ad-
vanced closed-loop hardware-software imaging systems.

Thanks to the availability of industrial-grade software
frameworks,[9–11,71] differentiable programming in computa-
tional imaging has seen rapid development. It solves inverse
imaging problems through either differentiable optimization
or differentiable neural networks. Despite not being widely
recognized, differentiable imaging can be defined as:

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.

As depicted in Figure 4, differentiable imaging models encom-
pass extra system parameters in comparison to the conventional
computational imaging presented in Figure 1 with either nu-
merical optimization or neural networks. These parameters in
the imaging model enhance the image reconstruction, or can be
leveraged for further improvement or design of imaging systems.

3.3. Current Status of Differentiable Imaging

The emergence of differentiable imaging in both modeling and
design in computational imaging, as illustrated in Figure 5, has
the potential to transform the approach to solving complex imag-
ing problems. This innovative concept offers greater efficiency,
flexibility, and expressiveness in addressing various limitations
and challenges faced by various computational imaging systems.
In the following section, we provide a succinct overview of how
differentiable imaging can help resolve these issues.

Dealing with Uncertainty and Imperfections in Imaging Systems:
As described in Section 1, uncertainty or misalignment exists ev-
erywhere in a real optical system. In a majority of imaging sys-
tems, the forward model is distance-dependent, and the target
location must be determined prior to inverse image reconstruc-
tion; otherwise, the reconstruction algorithm’s reliability may be
compromised. Auto-focusing, for instance, must precede inverse
imaging.[24] In the case of holographic imaging for the recon-
struction of complex fields, auto-focusing techniques are not al-
ways effective. This problem could be solved by parameteriz-
ing the object’s position along with the target complex field and
optimizing them together using differentiable programming.[72]

Similarly, in electron microscopy, phase retrieval, and defocus es-
timation can be performed concurrently to produce stable and
high-quality imaging.[17] In all-optical computing and diffractive
neural networks, mechanical misalignment and fabrication in-
accuracies and imperfections are always present in the physical
implementation and affect wave propagation. By parameterizing
and training neural networks with differentiable parameters that
represent the translation error or imperfections in the fabrica-
tion, researchers can improve the robustness and extend the lay-
ers of the diffractive networks.[73–76]

Modeling Complex Imaging Systems: Many optical imaging
systems involve complex physical phenomena, necessitating the
simplification of the forward model in inverse imaging. Differen-
tiable imaging enables more precise encoding models, allowing
for imaging capabilities beyond those that are currently inacces-
sible. Despite the accurate modeling in the inline holography to
achieve complex field imaging capability,[72] differentiable imag-
ing could also be used to address more complex physical phe-
nomena, such as multiple scattering, which impedes the use of
conventional numerical imaging reconstruction methods. For ex-
ample, in X-ray nanotomography, differentiable imaging allows
imaging beyond the depth of focus limit.[13] In other imaging
modalities, the complexity of encoding results from the need
to retrieve additional information. In ptychography, for exam-
ple, probe reconstruction is also required, which makes inverse
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Figure 5. Current development of differentiable imaging.

ptychographic imaging challenging. By introducing differen-
tiable programming, not only can the probe and the object be
estimated simultaneously,[12] but also a more accurate and alter-
able forward model with more freedom to choose the error metric
and priori information is possible, enabling higher-quality imag-
ing in terms of speed, accuracy, and robustness.[77,78]

Co-Design or Re-Configurable Systems: In PSF engineering for
enhancing imaging quality,[79–81] a co-design for calibrating real
optics system setup and engineering the point spread function
in a microscope was proposed by representing the issue as an in-
verse problem and constructing a differentiable wave optics sim-
ulator as a composition of trainable modules.[82] In terms of lens
design, a broad range of imaging applications can be realized
by providing derivative insights into the lens design pipeline to
chain variable parameters and their gradients to an error met-
ric via differential ray tracing.[83–85] In hologram encoding, the
camera-in-loop paradigm has been used to achieve system cal-
ibration in a holographic display by introducing system imper-
fection parameters into neural networks.[86] Differentiable mi-
croscopy, which employs implements trainable optical elements
at key locations on the optical path via differentiable program-
ming, has the potential to create new interpretable microscope
architectures or new optical systems, leading to unconventional
and better optical designs.[15]

3.4. Opportunities and Challenges of Differentiable Imaging

Despite the progress made so far, differentiable imaging has yet
to realize its full potential. With the availability of large datasets,
increased computational power, and advanced instrumentation,
differentiable imaging holds great promise in providing new and
powerful tools for both improving image reconstruction and de-
signing innovative imaging systems. Two such directions are out-
lined below.

Black-Box to Gray-Box Through Hybrid Neural Networks: The
rapid growth in large imaging datasets over the past decade
has not been matched by a corresponding advance in our un-
derstanding of imaging systems. This gap is partly due to the
lack of analytical frameworks that can effectively integrate vari-
ous data types, incorporate complex prior knowledge of physics,
and extract meaningful insights from the resulting information.
Many entities in optical imaging systems, such as dynamical re-
actions, are structurally richer than the data types used in most
current machine learning research, necessitating more algorith-
mic development of differentiable frameworks. The recent surge
in large imaging datasets has made it increasingly difficult to ef-
fectively analyze and understand these systems using traditional

approaches. Structurally rich entities in optical imaging, such
as dynamical reactions, demand the development of algorith-
mic frameworks to handle the complexity of the data. Machine
learning methods currently face two major challenges when deal-
ing with this type of data: creating interpretable models and in-
corporating prior knowledge of physics. One approach to ad-
dressing these challenges is through the integration of physics
and data prior to the training pipeline. The utilization of back-
propagation automatic differentiation, a foundation of popular
machine learning frameworks like TensorFlow and PyTorch, can
be used to separate neural networks into trainable and fixed parts.
This allows for the explicit modeling of optimization compo-
nents and learning the rest.[87,88] There is ongoing research in
this area, such as developing optimization-based primitives, that
can connect machine learning and numerical optimization.[89,90]

By bridging the gap between machine learning and numerical
optimization, differentiable imaging has the potential to move
from black-box to gray-box models. This shift would improve data
efficiency, increase interpretability, and facilitate gray-box verifi-
cation, as it utilizes specialized sub-modules rather than purely
fully-connected architectures.

Differentiable Imaging as a Framework for Designing All-In-Loop
Imaging Systems: Keep in mind that “balancing” is fundamen-
tally an optimization process, and computational imaging aims
to achieve this by jointly designing the front-end encoding op-
tics and post-detection decoding computation. Unlike image re-
construction, the field of imaging system design has remained
largely unexplored. This is due to the challenges of model-
ing an optical system with uncertainties and constructing a dy-
namic optimization framework for all-in-loop hardware-software
co-design. Optical systems, which are comprised of optical ele-
ments, can be modeled with modular components, much like
computer graphs in differentiable programming, to solve com-
plex problems. Differentiable programming’s modeling and op-
timization capabilities hold great potential for the development
of novel imaging systems through a modular, plug-and-play ap-
proach. To achieve this, it’s necessary to properly formulate imag-
ing systems and problems and to mathematically encode the cor-
rect priors in optimization, while taking into account the feed-
back for system reconfiguration.[91–93]

While differentiable imaging holds great potential, its imple-
mentation must also consider the limitations inherent to differ-
entiable programming.

• Modeling requires physical and mathematical knowledge. Im-
plementing differentiable imaging can be challenging as it
demands a combination of physical and mathematical exper-
tise to properly formulate the problem, encode relevant priors
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mathematically, and determine which parts of the code need
differentiation.[94] Additionally, for imaging applications that
involve interactions between light and matter, such as biology
or material science, domain-specific knowledge may also be
necessary.[16,17]

• Effective modeling requires a deep understanding of the differ-
entiable programming language. Because the machine must
calculate the derivative for each specified part of the code, the
computational cost can be substantial. As there are usually sev-
eral ways to differentiate code, it can be unclear how effective
differentiable programming will be in practice. Hence, choos-
ing the right type of automatic differentiation (forward, back-
ward, or a combination) to maximize computer efficiency is
crucial.[34]

• Development of differentiable primitives is required. It can
be challenging to implement differentiable imaging due to
the inherent nature of some components in the model.
The requirement for all model components to be differen-
tiable conflicts with the discreteness of digital images, mathe-
matical expressions,[95] computational data structures,[96] and
processes.[97–99] Additionally, the use of complex numbers in
optical imaging that deals with electromagnetic waves results
in the need for complex differentiation, making the develop-
ment of differentiable primitives a common challenge. These
limitations can make it difficult to effectively implement dif-
ferentiable programming in practice.

4. Conclusion

In conclusion, the progress of computational imaging has faced
numerous computational limitations that have hindered its ad-
vancement. Both classical optimization and deep learning al-
gorithms have limitations in processing complex experimental
data effectively. However, differentiable programming provides
a promising solution by bridging the gap between model-based
optimization and neural network algorithms and creating inter-
pretable model-based neural networks. As a relatively new field,
differentiable imaging has the potential to transform the field of
computational imaging. By integrating physics into the model
and effectively modeling phenomena of varying complexity, it can
address the limitations posed by sparse, incomplete, and noisy
data. With its ability to solve long-standing challenges in the field,
differentiable imaging holds the promise of being a significant
catalyst for change in computational imaging.
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