
Pier Luigi Dragotti, Imperial College London

Inverse Problems in the Age of AI

21 May 2025       



Image restoration problems

Energy
0-40 keV
4096 
channels

Technical study of 
Old Masters 
paintings Light field microscopy for 

neuroscience

What do I do for a living: Inverse Imaging Problems

Cryo-EM for structural biology



• Inverse problems involve reconstructing unknown physical quantities from indirect 
measurements. 

• Recently we have witnessed a shift towards using data-driven methods to address inverse 
problems.

• In this talk, I cover three case studies to highlight advantages and pitfalls of data-driven 
solutions

Motivation
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Image restoration problems: 
Invertible neural networks and 
diffusion models

Generative Models for Image Restoration
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• !𝑥 = min
!
	 ℒ(𝑥, 𝑦) + 	 𝜆𝜌 𝑥

          consistency term         prior

• !𝑥 = min
!,#

ℒ(𝑥, 𝑦) + 𝜆𝜌 𝜈     s.t    𝑥 = 𝜈

• Turn the constraint into a penalty: !𝑥 = min
!,#

ℒ(𝑥, 𝑦) + 𝜆𝜌 𝜈 + 𝛽 𝑥 − 𝜈 $

• Solve by alternating between 𝑥 and 𝜐

• Consistency step: !𝑥 = 𝜈 + 𝜂∇%ℒ(𝜈, y)

• A denoiser: 𝜈̂ = min
#
𝜌 𝑣 + 𝛽 𝑥 − 𝜈 $

Use Diffusion Models 
to impose the prior

INN and Diffusion Models for Inverse Problems

Use INN to impose 
consistency



Invertible Neural Networks are bijective function approximators 
with a forward mapping 

and inverse mapping

Invertible Neural Networks

𝐹!: ℝ" → ℝ#

𝑥 ↦ 𝑧

𝐹!$%: ℝ# → ℝ"

𝑧 ↦ 𝑥
A bijective function (or 

invertible function)

Kingma, Durk P., and Prafulla Dhariwal. "Glow: Generative flow with invertible 1x1 convolutions." in Proceedings of Advances 
in Neural Information Processing Systems (NeurIPS), 2018.



Invertible Neural Networks

2𝑑 = 	𝑥# − 𝑃 𝑥$
𝑐 = 𝑥$ + 𝑈 𝑑

Forward pass

Split

I. Daubechies and W. Sweldens, “Factoring Wavelet Transforms into lifting Steps” 1997
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How to Achieve Invertibility? 
Invertible via lifting scheme



Invertible Neural Networks

2𝑑 = 	𝑥# − 𝑃 𝑥$
𝑐 = 𝑥$ + 𝑈 𝑑

Forward pass

Split 2𝑥# = 𝑑 + 𝑃 𝑥$ 	
𝑥$ = 𝑐 − 𝑈 𝑑

Backward pass

Merge

I. Daubechies and W. Sweldens, “Factoring Wavelet Transforms into lifting Steps” 1997
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Invertible Neural Networks and Wavelets

I. Daubechies and W. Sweldens, “Factoring Wavelet Transforms into lifting Steps” 1997
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Invertible Neural Networks are ideal architectures to address inverse problems

INN and Diffusion Models for Inverse Problems

Figure from: Ardizzone, Lynton, Jakob Kruse, Sebastian Wirkert, Daniel Rahner, Eric W. Pellegrini, Ralf S. Klessen, Lena Maier-
Hein, Carsten Rother, and Ullrich Köthe. "Analyzing inverse problems with invertible neural networks."  in Proc. of ICLR, 2019.



Diffusion Models are good for “unconditional” generation of new samples (e.g., Denoising Probabilistic 
Diffusion Models)

Motivation: Can we use a pretrained “unconditional” diffusion model for inverse problems?

J. Ho, J. Ajay and P. Abbeel. "Denoising diffusion probabilistic models."  in Proceedings of (NeurIPS) 2020.

Review: A Classic Diffusion Model: 
Denoising Diffusion Probabilistic Model (DDPM)[1]

• DDPM defines a T–step forward process transforming complex data distribution into simple 
Gaussian noise distribution and a T-step reverse process recovering data from noise. 

… …

#&	 #'#(	 #()*	#(+*	

[1] Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020): 
6840-6851.
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INN and Diffusion Models for Inverse Problems

• Diffusion Models are good for “unconditional” generation of new samples (e.g., Denoising Probabilistic 
Diffusion Models)

• From 𝑥& to 𝑥'	:

• From 𝑥',&	to 𝑥',(	:

J. Ho, J. Ajay and P. Abbeel. "Denoising diffusion probabilistic models."  in Proceedings of (NeurIPS) 2020.



• Given a training set {𝑥% , 𝑦%}	which 
contains N high-quality images and 
their low-quality counterparts, we 
learn the forward part of the INN 
using the following loss:

• Consequently, 𝑑 models the lost 
details that need to be recovered 
with the diffusion model

INN and Diffusion Models for Inverse Problems
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use an alternative training strategy where we try to ensure
that the coarse version produced by the network is as close as
possible to the measured degraded image y.

III. INDIGO+ APPROACH

A. Overview
For a general image restoration problem y = H(x,n), we

aim to obtain an image x̃ that ensures data consistency while
maintaining realistic textures. To simultaneously achieve these
two goals, we leverage the merit of the perfect reconstruction
property of INN and the strong generative prior of pretrained
diffusion models. An overview of the proposed approach is
shown in Fig. 3 and Fig. 4. We first train our INN so that
its forward part [c,d] = fω(x) decomposes an image x
in a coarse and detail part so that c → H(x,n). In other
words, fω(·) is trained to mimic the degradation process H.
Then during the diffusion posterior sampling process, we
impose an additional data consistency step after each original
unconditional sampling update. Specifically, we first utilize
our pretrained INN to decompose the intermediate result x0,t

into the coarse part ct that should approximate the degraded
measurements and the detail part dt that models the details
lost during the degradation. We then replace ct with the
given observed measurements y. Next, the INN-optimized
image x̂0,t is constructed by inverse transform f→1

ω (·) of INN.
Therefore, this INN-optimized result x̂0,t guides the sampling
towards satisfying the consistency constraint. Simultaneously,
x̂0,t maintains rich details obtained by diffusion posterior sam-
pling without affecting data consistency. Then, the diffusion
posterior sampling at the following step is guided by our data-
consistent result, x̂0,t, through a gradient operation. Due to the
fact that we train an INN to model the degradation process,
our algorithm is more flexible than other methods and also
more effective given that the invertibility property of the INN
ensures that we compute implicitly the equivalent of an inverse
at each iteration.

In the following subsections, we will explain in details how
our approach can solve non-blind and blind inverse problems,
respectively.

B. INDIGO for Non-Blind Image Restoration
In this subsection, we start with non-blind inverse problems

and introduce the design of our INN and how it works in the
diffusion process.

Modelling the degradation process with INN: By exploit-
ing the invertibility of INN, we propose to treat its forward
transform fω as a simulator of the degradation process and
treat its inverse transform f→1

ω as the reconstruction process.
To realize this framework, we start with adopting the lifting-
inspired invertible blocks in [35] (as in Section II-B), which
can be expressed as follows:

[c,d] = fω(x), x = f→1
ω (c,d), (11)

where the forward transform of INN generates the coarse and
detail parts, c and d, while the inverse transform of INN can
perfectly recover the input original image from c and d. To
model the degradation process, we impose that c resembles

!!"#
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Sampling Step
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Gradient
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Fig. 3: Overview of our INDIGO for non-blind image restora-
tion. Given a degraded image y during inference, the diffusion
posterior sampling is guided by our data-consistency step
with INN at each step t. We show the detailed algorithm in
Algorithm 1.

y. Given a training set
{
xi,yi

}N

i=1
, which contains N high-

quality images and their low-quality counterparts, we optimize
our INN with the following loss function:

L (ω) =
1

N

N∑

i=1

∥∥f c
ω(x

i)↑ yi
∥∥2
2
, (12)

where ω denotes the set of learnable parameters of our INN
and f c

ω(x
i) and fd

ω(x
i) denote the first and second part of the

output of fω(xi), respectively. Once we constrain one part of
the output of fω(xi) to be close to y, due to invertibility, the
other part of the output will inevitably represent the detailed
information lost during the degradation process.

Sampling with the guidance of pretrained INN: In the
unconditionally trained DDPM [8], the reverse diffusion pro-
cess iteratively samples xt→1 from p(xt→1|xt) to yield clean
images x0 ↓ q(x) from initial random noise xT ↓ N (0, I).
Here, we rewrite Eq. 3 with the pre-trained approximator
ωω(xt, t) and split it into the following two equations:

x0,t =
1

↔
ε̄t

(xt ↑
↔
1↑ ε̄tωε(xt, t)) (13)

and

xt→1 =

↔
εt(1↑ ε̄t→1)

1↑ ε̄t
xt +

↔
ε̄t→1ϑt

1↑ ε̄t
x0,t + ϖtz. (14)

As illustrated in Eq. 13, x0,t is the predicted clean image
from the noisy image xt. To solve inverse problems, we need
to refine each unconditional transition using y to ensure data
consistency. In our proposed algorithm, we impose our data-
consistency step by modifying the clean image x0,t instead of
the noisy image xt.

As shown in Algorithm 1, we impose an additional data
consistency step (in blue) with our off-the-shelf INN after
each original unconditional sampling update. In this additional
step, we apply the forward transform fω(·) to the intermediate
result x0,t leading to the decomposition of x0,t into coarse
and detail part ct, dt respectively. We then replace the coarse

INN and Diffusion Models for Inverse Problems



• This approach is simple, flexible and effective
– No-need to know the degradation process
– The degradation process can be highly non-linear
– No need to retrain the diffusion model for every new degradation (just need to train 

the INN)

Ground Truth                      Degraded                                 Reconstructed

INN and Diffusion Models for Inverse Problems
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Input Ours Ground-truth Input Ours Ground-truth

Fig. 13: Result of our BlindINDIGO on 4x super-resolution on the ImageNet dataset.

Input DifFace PGDiff DR2 StableSR Ours

Fig. 14: Comparisons with blind state-of-the-art image restoration approaches [1]–[4] on real-world dataset Celaba-Child.

ity [62] in Table IV. We observe that our approach achieves
best or second best scores, demonstrating its superiority in
the generation of high-quality images and effectiveness in
preserving identity. The qualitative comparison on CelebChild
[58] is shown in Fig. 14.

C. Analysis and Discussion
1) Comparison to conditional diffusion model and standard

supervised learning approach: Different from training a con-
ditional diffusion model for a specific inverse problem from
scratch, we keep the same pre-trained diffusion model and
only modify the inference procedure with the guidance of
INN to enable sampling from a conditional distribution. This
strategy can efficiently leverage the trained diffusion model
trained on huge amount of data to make it serve as a strong
generative prior in different inverse problems. In addition, it
saves the cost of training, since we only need to train the INN
(0.71 M). Furthermore, our blind INDIGO does not necessarily
need to have access to labeled datasets, while conditional
diffusion models need them. In this section, we compare our
approach with two representative methods from conditional
diffusion models: I2SB [63] and standard supervised learning
approaches SwinIR [46] on 4x SR with different levels of
Gaussian noise on Imagenet validation dataset. Table V shows
that our approach achieves competitive reconstruction results

x400 x300 x200 x100 x0

(a) Noisy intermediate results.

Low-Resolution y0 x0

x0,300 x0,200 x0,100

(b) Clean intermediate results.
Fig. 15: Sampling process of our approach.

in the noiseless case and outperforms significantly the other
methods in noisy settings.



Results on blind unsupervised deconvolution 
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(a) Input (b) DR2 [1] (c) DifFace [2] (d) PGDiff [3] (e) StableSR [4] (f) Ours

Fig. 1: Comparisons with state-of-the-art blind image restoration approaches [1]–[4] on the real-world low-quality images. Our
algorithm produces high-quality reconstruction results and preserves more details than the recent leading methods. (Zoom in
for best view).

The above non-blind and blind IR approaches have demon-
strated the effectiveness of the generative diffusion models for
IR tasks. However, they are faced with the following limita-
tions: (1) In the task of non-blind IR, most existing approaches
require a closed-form expression of the degradation model to
guide the sampling process. However, the image processing
pipeline of many modern imaging systems is so complex that
it is often impossible to describe it explicitly. (2) In the task
of blind IR, most existing blind IR approaches rely on pre-
defined degradation models for training the IR network g(·),
which also limits their flexibility in real-world scenarios.

To address the above issues, we propose an INN-guided
probabilistic diffusion algorithm for both non-blind 1 and blind
image restoration. During the sampling process of diffusion
model, we impose an additional data-consistency step by intro-
ducing an off-the-shelf light-weight invertible neural network
(INN). Specifically, we pre-train the forward process of INN to
simulate an arbitrary degradation process. At testing stage we
alternate between an unconditional diffusion sampling step that
gives us an intermediate image consistent with the diffusion
model and a consistency step guided by the INN that forces
the reconstruction to be consistent with the measurements. In
particular, given at each step an estimated image, the forward
part of the INN produces a coarse image which we then
force to be consistent with the measurements and the details
estimated by the diffusion process. We then use the inverse
part of the INN as a reconstruction process to obtain an
intermediate result that guides the next step of the reverse
diffusion process. Therefore, our method guides the sampling
towards satisfying the consistency constraint while maintain-
ing rich details provided by the diffusion prior. In the task of
non-blind IR, INN is pretrained with datasets on any specific
degradation, so it is no longer limited by the requirement of
knowing the analytical expression of the degradation model. In
the task of blind IR, we first initialize the parameters of INN
by training it with synthetic dataset pairs that model different
degradation processes. Then, by alternating between refining
the INN parameters for the unknown degradation model and
updating intermediate image results with the guidance of INN
during sampling, our approach is more flexible and can handle
different degradation settings in real-world scenarios.

We summarize our contributions as follows:

1The work on non-blind inverse problem was presented in part at IEEE
MMSP conference 2023 [24].

• We propose a novel INN-guided probabilistic diffusion
algorithm for non-blind and blind image restoration,
namely INDIGO and BlindINDIGO. In contrast to most
existing approaches, our algorithm introduces prior degra-
dation information to the diffusion reverse process by
simulating it with INN, which help to boost IR perfor-
mance and improve flexibility.

• To the best of our knowledge, this is the first attempt to
combine the merits of the perfect reconstruction prop-
erty of INN with strong generative prior of diffusion
models for blind image restoration. With the help of
INN, our algorithm effectively estimates the details lost
in the degradation process and is able to handle arbitrary
degradation processes.

• We further propose a novel consensus strategy which
estimate several enhanced versions of the corrupted im-
age that can then be combined to further improve the
performance of our approach. In addition, we introduce
an initialization strategy to accelerate our algorithm by
reducing the number of timestep.

• Extensive experiments show that our approach for both
non-blind and blind image restoration achieves state-of-
the-art results compared with other methods on synthet-
ically degraded and real low-quality images (see Fig. 1
for an example).

II. BACKGROUND

A. Review of Denoising Diffusion Probabilistic Models

Diffusion models, e.g. [8], [9], sequentially corrupt training
data with slowly increasing noise, and then learn to reverse
this corruption in order to form a generative model of the
data. Here we describe a classic diffusion model: denoising
diffusion probabilistic model (DDPM) [8]. DDPM defines a
T -step forward process transforming complex data distribution
into simple Gaussian noise distribution and a T -step reverse
process recovering data from noise. The forward process
slowly adds random noise to data, where, in the typical setting,
the added noise has a Gaussian distribution. Consequently, the
forward process yields the present state xt from the previous
state xt→1:

q(xt|xt→1) = N (xt;
√
1→ ωtxt→1,ωtI) (1)

where xt is the noisy image at time-step t, ωt is a predefined
scale factor. As noted in [8], the above process allows us to

INN and Diffusion Models for Inverse Problems

D.You and P.L. Dragotti, “INDIGO+: A Unified INN-Guided Probabilistic Diffusion Algorithm for Blind and Non-Blind Image 
Restoration”, IEEE Journal of Selected Topics in Signal Processing, 2024



Deep Joint Source Channel Coding (DeepJSCC) 4

Encoder
  

Decoder  Noisy 
Channel 

  

Fig. 1. Communication system with joint source-channel coding.

where the channel noise vector nC is sampled in an inde-
pendent identically distributed (i.i.d.) manner from a circu-
larly symmetric complex Gaussian distribution, i.e., nC ⇠
CN (0,�2

Ik⇥k), and �
2 is the channel noise power known by

both the transmitter and the receiver. Accordingly, the channel
SNR is defined as

SNR = 10 log10
P̄

�2
dB. (5)

The noisy channel output is observed by the receiver, which
then decodes it to an approximate reconstruction x̂ 2 Rm of
the source signal by a decoding function g : Ck ! Rm.

The entire pipeline is optimized by jointly designing the
encoder and the decoder functions such that the average
distortion between the original source x and its reconstruction
x̂ at the output of the receiver is minimum:

min
f,g

Ep(x,x̂)

⇥
d(x, x̂)

⇤
, (6)

where p(x, x̂) is the joint distribution of the source and its
reconstruction, and d(x, x̂) can be any measure. In a typical
communication scheme, compression schemes usually try to
minimize the distortion at any given bit rate, for instance,
by minimizing the MSE or maximizing the PSNR, SSIM,
etc. However, typical distortion measures do not necessarily
imply high perceptual quality; in fact, minimizing the dis-
tortion might reduce the perceptual quality [16]. Therefore,
throughout this paper, we focus on a distortion measure that
takes both perceptual and pixel-wise similarities into account.
Fig. 1 illustrates a simplified diagram of the communication
system considered herein.

In the following section, we propose two JSCC schemes
that effectively minimize the distortion between the source
signal and its reconstruction, while maximizing perceptual
generation quality with the help of DGMs. Inspired by the
SotA DL-based JSCC approaches [2], [4]–[6], we consider
DNN-based encoder/decoder pairs that also benefit from the
generative capabilities of DGMs in both approaches. The first
scheme can be considered as an inverse problem approach to
the optimization (6), in which the encoder/decoder functions
f and g are fixed and a high-quality approximation of x is
recovered from reconstructions x̂ using DGMs. In the second
scheme, given x, Eqn. (6) is minimized by jointly optimizing
f and g in a supervised manner.

IV. PROPOSED SOLUTIONS

Recently proposed CNN-based approaches to JSCC [2]–[6]
are based on the autoencoder architecture and have focused
on the end-to-end distortion between the source and the
reconstructed image. The encoder and decoder functions, f

and g, are modeled as DNNs, which are jointly trained. The

goal of the encoder is to transform the source image to a form
that can be conveyed through the channel; that is, it satisfies
the power and bandwidth constraints. The decoder aims at
reversing the impact of the encoder as well as the channel on
the input image. However, these works did not consider the
perceptual quality of the reconstructed images.

A GAN-based distortion measure is considered in [7], but
their decoder acts as the generator directly, which is trained as
part of the encoder/decoder pair. In contrast, our work takes
advantage of the outstanding generative performance of pre-
trained SotA GANs as well as distortion metrics that align
with human visual judgment in order to obtain high perceptual
quality reconstructions. Firstly, in InverseJSCC, we improve
the classical DeepJSCC model by inverting the communication
pipeline with the help of a GAN generator by exploiting the
learned statistics of the source images at the receiver. This
requires solving an inverse problem, in which the forward
operator to be inverted is represented by the encoder-channel-
decoder architecture from [6]. In a sense, we optimize the
input of the generator model to produce a certain image;
that is, we find a latent vector, whose output transmitted by
the DeepJSCC encoder through the channel and reconstructed
by the DeepJSCC decoder, gives the observed reconstruction.
InverseJSCC significantly improves the performance of SotA
DeepJSCC schemes perceptually in cases where the training
dataset statistics of the encoder/decoder pair match with the
test dataset, as well as those that do not. On the other
hand, in GenerativeJSCC, we propose an end-to-end training
scheme for JSCC which consists of an encoder, a non-trainable
channel, and a GAN-based decoder.

A. Inverse Problem Approach to Semantic Communications

In this section, we introduce InverseJSCC as an unsuper-
vised improvement on the DeepJSCC approach by treating the
end-to-end reconstruction by DeepJSCC as the FP, and model
the reconstruction of the source image with better perceptual
quality as an inverse problem. More specifically, InverseJSCC
treats the reconstructions at the receiver as the measurements,
obtained by an unknown data sample going through a typically
non-invertible forward process (FP). Inverse problems can be
formalized as follows [26],

y = A(x) + nA, (7)

where A is the forward operator, an approximate representa-
tion of FP, and nA is an additive noise. Alternatively, non-
additive noise can be considered in a more general model,
i.e., y = N (A(x)) for the noise distribution N (·). It is
important to note that the FP and the forward operator A are
not necessarily identical, in fact, the FP is often a black box
and the forward operator is an approximate model of FP. A
typical inverse problem can be solved by minimizing the loss
function

MSE(A(x),y) = kA(x)� yk22 (8)

with respect to x with the help of prior assumptions on x.
In our communication setting, the source signal x goes

through the encoder, channel, and decoder of the SotA Deep-
JSCC model in [6]. We assume that the FP is only one

Key Feature of this approach: 
• Implement a lossy communication system using a (pre-trained) autoencoder
• The encoder (DNN 𝑓) generates the latent variables which are transmitted through the channel
• The decoder (DNN 𝑔) receives a corrupted version of the latent variables and reconstruct the original image
• The system has attention modules to handle different levels of noise in the channel
• Works better than separate source and channel coding systems in challenging settings and is more flexible



DeepJSCC ad Inverse Problems

Key Insights:
• Treat the complete system as the degradation process in an imaging system
• Improve quality of reconstruction by solving an inverse problem
• Use (pre-trained) generative models to help with the reconstruction

Fig. 2: Our key insight is to simulate the degradation process
of the communication pipeline (top) with INN (bottom), which
can transform the input original signal x into the simulated
degraded observation x̂ and estimate the lost details d by the
degradation.

quality. However, the above approaches do not directly apply
the state-of-the-art generative model structure to JSCC. More-
over, they have not fully utilised the strong prior of pretrained
GANs such as StyleGAN-2, which has potential to improve
the perceptual quality of the reconstruction significantly.

In [15], a pretrained generative model is employed to solve
a classical inverse problem in compressed sensing. Outstand-
ing performance in single-image super-resolution is achieved
in [16] through the utilization of generative models, highlight-
ing its efficacy in addressing practical inverse problems. The
similarity between communication systems and inverse prob-
lems suggests the potential of applying a powerful generative
model to JSCC, as represented by works such as [17][10][18].
Among them, [18] proposes InverseJSCC, which considers
recovering high quality source images with better perceptual
quality from degraded reconstructions as an inverse problem.
The inverse problem is solved by a pre-trained StyleGAN-2
generator and combined with the ILO [19] method, which
uses the state-of-the-art GAN prior to achieve a never-before-
attained reconstructed perceptual quality under very extreme
channel conditions.

In this paper, inspired by [18], we propose CommIN,
which treats the JSCC problem as an inverse problem and,
by leveraging results from our recent work [20], we recon-
struct the source using Invertible Neural Networks (INN) and
generative diffusion models. The key insight here is that the
INN splits the signal (typically an image) into a coarse version
c and details d. In [20], we train the forward part of the INN
to mimic the degradation process in an inverse problem so
that c is very close to the observed degraded image y. In this
paper we treat the communication process composed of the
transmission, corruption with channel noise and reconstruction
as the degradation process and mimic it using an INN (see Fig.
2). We treat the reconstructed image x̂ after transmission over
a noisy channel using DeepJSCC as the degraded image in an
inverse problem and apply variations of the approach in [20]
using diffusion models to further improve the reconstruction.

Our overall proposed approach achieves state-of-the-art
performance and has the advantage of being computationally
efficient. Our primary achievements include: CommIN stands
as the first work employing INNs to simulate the degradation
process in DeepJSCC. It is also the first initiative to leverage
the state-of-the-art generative prior of diffusion models to
enhance the perceptual quality of DeepJSCC’s reconstructions,
especially in extreme conditions.

The paper is organized as follows: In Section 2, we briefly
introduce the communication scenario and DeepJSCC. In Sec-
tion 3, we then explain how to treat DeepJSCC as an inverse
problem, and introduce the INN-Guided Diffusion model to
solve this inverse problem. In Section 4, we present numerical
results showing the superior performance of CommIN. Finally,
Section 5 concludes the paper.

2. SYSTEM MODEL

We consider the point-to-point wireless transmission of images
over a noisy channel (see Fig. 2). As in [3], we model the
transmitter and receiver as two neural networks. Specifically,
the transmitter is the encoder and the receiver is the decoder
of an auto-encoder system. The transmitter maps the source
signal, a real vector x → Rm to the complex channel input
vector z → Ck using a parameterised encoding function z =
f (x;ω). Here m represents the source bandwidth and k the
channel bandwidth. We define the bandwidth compression
ratio (BCR) as ω = k/m. This ratio reflects the compression
applied to the signal by the communication system. In the
image transmission problem, m = H ↑W ↑C, where H , W
and C are the height, width and colour channel of the input
image. The channel input vector needs to satisfy the following
average power constraint:

1

k
Ez

[
↓z↓22

]
↔ P̄ . (1)

This is achieved by normalising the signal z̃, output of the last
layer of the encoder, as follows:

z =
√

kP̄
z̃↗
z̃H z̃

, (2)

where H is the Hermitian transpose. Then the encoded signal
z is sent to a noisy channel, which introduces random cor-
ruptions to the transmitted symbols. We consider a complex
AWGN channel so that the received signal can be expressed
as follows:

ẑ = ε
(
z,ϑ2

)
= z+ nC , (3)

where nC is sampled in an independent identically distributed
(i.i.d.) way from a complex Gaussian distribution with variance
ϑ
2: nC ↘ CN

(
0,ϑ2

Ik→k

)
. The receiver uses a parameterised

decoding function x̂ = g (ẑ;ε) to get the reconstruction x̂
from ẑ. To represent the condition of the noisy channel, we



DeepJSCC ad Inverse Problems: Numerical Results

(a) PSNR versus SNR (higher better) (b) LPIPS versus SNR (lower better)

Fig. 4: Performance comparison in terms of PSNR and LPIPS.

x0,t =
1→
ω̄t

(xt ↑
→
1↑ ω̄tωω(xt, t)), (10)

and

xt→1 =

→
ωt(1↑ ω̄t→1)

1↑ ω̄t

xt +

→
ω̄t→1εt

1↑ ω̄t

x0,t + ϑtz, (11)

where ωω(xt, t) is the pre-trained denoising model and x0,t is
the estimation of x0 from the noisy image xt.

To solve inverse problems with the above generative model,
we need to refine each unconditional transition using y to en-
sure data consistency. In our proposed algorithm, we impose
our data-consistency step by optimizing the clean image x0,t

instead of the noisy image xt. As shown in Algorithm 1,
we impose an additional data consistency step (in blue) after
each original unconditional sampling update. At this addi-
tional step, we decompose the intermediate result x0,t with
INNForward into coarse ct and detail part dt and replace the
coarse part ct with the output of the DeepJSCC decoder, y.
The INN-optimized x̂0,t is generated by the inverse process
INNInverse. Thus, the INN-optimized x̂0,t is composed of
the coarse information y and the details generated by the dif-
fusion process. To incorporate the INN-optimized x̂0,t into
the DDPM algorithm, we update xt with the guidance of the
gradient of ↓x̂0,t ↑ x0,t↓22. With the help of INN, our algo-
rithm effectively estimates the details lost in the degradation
of the communication process and avoids being limited by
the requirement of knowing the closed-form expression of the
degradation model.

Algorithm 1 DDPM Sampling with INN

1: xT → N (0, I)
2: for t = T, . . . , 1 do
3: z → N (0, I) if t > 1, else z = 0
4: x0,t = 1→

ω̄t
(xt ↑

↓
1↑ ω̄tωε(xt, t))

5: x̃t↑1 =
→
ωt(1↑ω̄t→1)

1↑ω̄t
xt +

↓
ω̄t→1ϑt

1↑ω̄t
x0,t + εtz

6: ct,dt = INNForward(x0,t)
7: x̂0,t = INNInverse(y,dt)
8: xt↑1 = x̃t↑1 ↑ ϑ↔xt↗x̂0,t ↑ x0,t↗22
9: end for

10: return x0

DeepJSCC InverseJSCC Ours Ground Truth

Fig. 5: Reconstructed CelebA-HQ images by DeepJSCC, In-
verseJSCC and our approach for ϖ=0.0013 and SNR=1dB.

4. EXPERIMENT RESULTS

To evaluate the performance of our proposed approach, we
compare CommIN with state-of-the-art JSCC methods: Deep-
JSCC [6] and InverseJSCC [18]. We use CelebA-HQ train
datasets for training. For fair comparisons, we use the same
pre-trained encoder and decoder for all three approaches. All
our experiments are implemented in PyTorch with Adam op-
timiser. In training our DeepJSCC, our channel SNR is uni-
formly sampled from [↑5, 5] dB. We train separate INNs for
each degradation setting in the inference stage. We assume
perfect channel knowledge at the encoder and the decoder.
For validation, we choose CelebA-HQ 1K test datasets with
image sizes 256!256, and we experiment on channel SNRs
of {↑5,↑3,↑1, 1, 3, 5} dB and BCR ϖ = 0.0013, which
correspond to highly challenging communication scenarios.
Empirically, we set T = 1000 and set step size ϱ to 0.3, 0.4,
and 0.5 for SNR = {↑5,↑3} dB, {↑1, 1} dB, and {3, 5} dB
respectively. We analyse the performance of the proposed
scheme using both the widely used pixel-wise metric PSNR
and the perceptual metric LPIPS [7].

Fig. 4 shows our results in terms of PSNR and LPIPS with
respect to channel SNR on the CelebA-HQ dataset. For all
the settings, our approach achieves the lowest LPIPS, while
maintaining the similar PSNR with DeepJSCC. As shown in
Fig. 5, our algorithm produces high-quality reconstruction
results and preserves more details than other methods.

5. CONCLUSION

In this paper, we have introduced CommIN, a new JSCC
scheme for wireless image transmission which treats the recon-
struction of received corrupted images as an inverse problem.
Key features of the approach include the use of INN to model
the degradation introduced by the channel and DeepJSCC.
Moreover, INNs facilitate the integration of diffusion models
in the reconstruction process. CommIN achieves image re-
constructions with perceptual quality beyond DeepJSCC in
extreme environments with extemely low BCR with SNR. It
also achieves competitive results compared with the existing
inverse problem approach to JSCC in [18].

SNR=1dB, bandwidth compression ratio 𝜆 = 0.0013 

J. Chen et al. SING: Semantic image communications using null-space and INN-guided diffusion models arXiv:2503.12484 



On going work: AI Hallucination

A broad range of cases where AI model 
outputs are incorrect or inconsistent

Where the restored output appears like 
a natural image but is semantically 
different from the ground truth. 

For image restoration problems

2024 IEEE INTERNATIONAL WORKSHOP ON MACHINE LEARNING FOR SIGNAL PROCESSING, SEPT. 22–25, 2024, LONDON, UK

A HALLUCINATION METRIC AND CORRECTION SCHEME FOR DIFFUSION-BASED IMAGE
RESTORATION

Daniel Siromani Di You Pier Luigi Dragotti

Electrical and Electronic Engineering Department, Imperial College London, London, UK

The goal in an image inverse problem is to predict an image
x based on some degraded or transformed observation y. We con-
sider the general form y = A(x) +n where A is the degradation
operator and n represents additive noise. Usually the problem
is ill-posed therefore regularisation is required. For image in-
verse problems, hallucination is considered to have occurred if
the reconstructed image contains objects which are realistic but
semantically different in the ground truth image. Fig. 1 shows
an example where a person’s identity was altered. In contrast to
artifacts and poor reconstructions produced when classical inverse
problem solvers fail, hallucination can more easily pass unde-
tected. As such, hallucination undermines the trustworthiness of
generative inverse problem solvers.

Fig. 1: An example of hallucination produced using the DPS
algorithm for an 8x super resolution problem with added noise.

Our contributions are as follows: firstly we develop a metric
to measure the presence of semantic hallucinations in a recon-
structed image. We secondly show that the metric may be used
to alter posterior sampling algorithms to reduce the frequency
of hallucinations. Results are presented for two inverse problem
solvers: Diffusion Posterior Sampling (DPS) [3] and INDigo [4].
DPS was chosen as a respresentative gradient based posterior
sampling method while INDigo, to our knowledge, achieves best
performance in non-linear restoration problems using a similar
conditioning technique.

ABSTRACT

AI hallucination affects image inverse problem solvers using deep 
generative priors. Such models can produce highly realistic gen-
erations which are semantically different from the ground truth 
or input. The risk of hallucination limits application of these 
models in areas where data consistency is vital. This work con-
siders hallucination in diffusion-based image restoration models. 
A metric based on deep perceptual similarity and ArcFace face 
ID is developed to predict the presence of hallucinated content. 
Using this metric a system to reduce hallucination during gen-
eration is developed. The proposed system adapts the guidance 
scale and diffusion sampling process based on the hallucination 
metric computed at each timestep. Using the metric within the 
DPS algorithm resulted in a significant reduction in hallucinations. 
Hallucinations were also reduced for INDigo to a lesser degree, 
with artifacts introduced where the model could not fully elimi-
nate the hallucinated content. With a hallucination metric score 
and system to avoid hallucinations it is possible to reduce the 
frequency of hallucinations, favour input consistency over realism 
when a perfect reconstruction is not possible, and indicate to the 
user the likelihood of the generation being hallucinated.

Index Terms— hallucination, inverse problems, diffusion 
models, posterior sampling

1. INTRODUCTION

Generative priors have recently been applied to a range of image 
restoration and inverse problem tasks, where the expressive prior 
creates highly realistic results [1]. However inverse problem 
solvers using generative priors can suffer from AI hallucination, 
where the model outputs are realistic or plausible but are factually 
incorrect or inconsistent. For example, a language model may 
generate untrue facts, or an image restoration model could produce 
an image which is semantically different from the ground truth. 
In this work we investigate hallucination in diffusion based image 
restoration.

Diffusion models are generative models which iteratively 
transform noise into a sample from a target distribution, via a 
stochastic process [2]. Diffusion models have shown strong per-
formance in image generation tasks and learn deep prior represen-
tations for the distribution of natural images.
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Hallucination Detection

• Use LPIPS perceptual metric and 
Face ID (Arcface)

• Use max-pooling in place of 
averaging to detect localised 
hallucinations.

• Train weights for a single layer 
sigmoid classifier based on manually 
labelled degraded image – 
reconstruction pairs.



Hallucination Detection and Correction

Model PSNR " LPIPS # FID #
DPS 14.56 0.282 48.44

DPS + our system 16.43 0.183 41.41

Table 3: Image quality metrics obtained for the original DPS
algorithm and DPS with our system to avoid hallucinations.

by the significantly reduced LPIPS distance in Tab. 3, while the
reduced FID score suggests image realism has also improved. In
a set of 100 test images the number of hallucinations was reduced
from 34 to just 4. Our system used 313.6 NFEs on average, which
is a 25% increase from original DPS.

Fig. 4: Image restoration results using DPS and the proposed
algorithm to control hallucinations.

As a comparison to our method we consider the incorporation
of deep perceptual loss gradient updates directly in generation.
Fig. 5 shows generations are still hallucinated with the perceptual
loss.

Fig. 5: Results comparing our system to DPS with an additional
LPIPS loss.

The action of our hallucination control mechanism can be
visualised with the intermediate generation results shown in Fig.
6. The original image at t = 200 is quite different to the ground

(a) Areas where our system backtracks and applies high scale are shaded.

(b) Bottom row: DPS, Top row: DPS + our system.

Fig. 6: (a) A comparison of the hallucination prediction at each
diffusion time step and (b) intermediate images x̂0,t for original
DPS and DPS with our correction system applied.

truth and is classified as hallucination with high probability. With
backtracking and increased scale the image obtained with our
system shows better consistency. By t = 140, hallucination
is no longer predicted and the image shows good consistency.
No further corrections are needed. Meanwhile the original DPS
image converges toward a hallucination. Most generations require
corrections in initial steps (150-200), with a decreasing proportion
requiring corrections as t approaches 0.

4.2.2. INDigo algorithm

For INDigo a time travel of 5 steps (ntt = 5, nf = 5) and scale
increase of factor 4 were performed on detection of hallucination.
Fig. 7 shows examples of INDigo hallucinations which have
been successfully corrected by our system. Owing to the heavier
degradation and better performance of the INDigo algorithm com-
pared with DPS, the performance improvement with our system
is smaller. In addition to the lower classification F1 score, the
correction methods tested were found to be less effective for the
complex non-linear degradation. The number of hallucinations
observed in 100 generations was reduced from 17 to 10. Tab. 4
indicates a reduction in FID, but only minimal improvement in
LPIPS distance. Fig. 7 shows that where the model is unable to
produce a high quality non-hallucinated image, our system favours
maintaining higher consistency at the cost of some artifacts or

Authorized licensed use limited to: Imperial College London. Downloaded on May 13,2025 at 17:25:35 UTC from IEEE Xplore.  Restrictions apply. 

D Siromani, D You, PL Dragotti, “A Hallucination Metric and Correction Scheme for Diffusion-Based Image Restoration”, MLSP 2024



First Set of Conclusions

• Invertible Neural Networks are an interesting new concept 

• Designing INN and combining them with diffusion models leads to 
more interpretable and simpler architectures

• Good performance 

• Potential for further developments (e.g., AI hallucination)



Light field microscopy for 
neuroscience 

Part 2: We now get real 😁

Energy
0-40 keV
4096 
channels

Technical study of Old Masters 
paintings 

Imaging for scientific 
discovery:
• Very complex imaging 

workflows
• No ground truth data 

(but ever increasing 
size of data output)

• No silver bullet



Plato: models, priors

Aristotle: data

Model-Based Deep Learning

• The growing complexity of modern 
imaging workflows calls for a more holistic 
approach to inverse problems where 
sensing, physics and computation are 
analysed jointly 

• Key in inverse problem is to find the 
right balance between data and priors



Sparsity and Deep Unfolding Strategy

Explicit embedding of priors and constraints in deep networks

𝑓(⋅)

𝒙𝒌
𝒚

𝑓	(⋅) 𝑓	(⋅) 𝑓	(⋅)

𝒚

𝒙𝒌

Iterative algorithm with 𝒚 
as input and 𝒙 as output

1	 2	 𝑘	

Unfolded version of the iterative algorithm with 
learnable parameters

h	(⋅)

=𝒚

Need to re-synthesize the input, if self-supervised

𝒙𝟏 𝒙𝟐

Y. Eldar et al, “Algorithm Unrolling: Interpretable, Efficient Deep Learning for Signal and Image Processing”, IEEE Signal 
Processing Magazine, 2021



Sparsity as the model for deep unfolding
• The dictionary is usually learned 

Introduction

• Sparse representation problem
• Find a K-sparse signal 𝒙 (||𝒙||𝟎 = 𝐾) from noisy observation 𝒚
• Dictionary 𝑫 is a fat matrix

13/06/2017 2

𝑛

𝑚 > 𝑛

𝑛

𝒚
𝒙

=

𝑫

+

𝒏𝑿
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Introduction

• Sparse representation problem
• Find a K-sparse signal 𝒙 (||𝒙||𝟎 = 𝐾) from noisy observation 𝒚
• Dictionary 𝑫 is a fat matrix
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𝐷! 𝐷!"−

𝑆#! 𝑎!𝑎!"#

𝑥

• The sparse vector 𝛼 can be found using ISTA: 𝛼) = 𝑆*!(𝛼)+, + 𝐷!
-(𝑥 − 𝐷!𝛼)+,)

Deep Unfolding Strategy



ISTA network

q Solving by ISTA algorithm through unfolding:

• Gregor Karol and LeCunYann, “Learning fast approximations of sparse coding ”, Proceedings of the 27th International 
Conference on International Conference on Machine Learning, 2010

• Y. Eldar et al, “Algorithm Unrolling: Interpretable, Efficient Deep Learning for Signal and Image Processing”, IEEE Signal 
Processing Magazine, 2021



Two-Photon Microscopy for Neuroscience

• Goal of Neuroscience: to study how 
information is processed in the brain

• Neurons  communicate through pulses  called 
Action Potentials (AP)

• Need to measure in-vivo the activity of large 
populations of neurons at cellular level 
resolution

• Multy-photon microscopy combined with right 
indicators is the most promising technology 
to achieve that 



Two-Photon Microscopy

• Fluorescent sensors within tissues 
• Highly localized laser excites fluorescence 

from sensors
• Photons emitted from tissue are collected
• Focal spot sequentially scanned across 

samples to form image
• Two-photon microscopes in raster scan 

modality can go deep in the tissue but are 
slow

A. J. FOUST, Fast Light Field Neural Circuit Readout, Page 5
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Figure 2: A: optical system schematic; B, scanning modes; C, experiment work flow

fluorescencephotonsfromanextendeddepthoffield,andtodeducethepositionfromwhichtheyoriginatebasedon
fluorescence amplitude and incidence angle [9], [10]. In contrast with previous light field implementations,
we will excite fluorescence in two-photon mode with an infrared wavelength that penetrates deeper
into scattering mammalian brain than the visible wavelengths used to excite fluorescence in one-
photon mode. Unlike traditional 2PLSM, here instead of focusing the laser beam to a diffraction-limited
spot, our goal is to implement wide-field excitation for light field volume acquisition. Due to two-photon’s
squared dependence of fluorescence on excitation intensity, wide-field two-photon excitation requires high pulse
energy and decreased repetition rates to excite fluorescence efficiently throughout the volume while keeping the
average power low enough to avoid tissue heating. Exciting two-photon fluorescence throughout our 200-micron-
diameter cross-sectional area requires approximately 10 microjoules of pulse energy for a 660 kHz repetition rate.
We have selected the Coherent Opera-F Optical Parametric Amplifier pumped by the Monaco Amplifier as this
combination provides pulse energies in the 10 microjoule range of near infrared wavelengths (650 - 900 nm, 1035
nm, and 1200 to 2500 nm). The flexibility to tune the laser’s wavelength will enable us evaluate different calcium
indicators in terms of their signal-to-noise, temporal fidelity, and depth penetration during WP2.

Path (C) will serve as a control by exciting calcium-indicator fluorescence in axially-confined “pancakes” by
replacing the mirror with a reflective ruled diffraction grating [3]. In this configuration, two-photon excitation
will be temporally focused to a plane 5 microns thick (inset Figure 2A). The “pancake” plane will by scanned
remotelybyanelectrically tunable lens (ETL)conjugate to theobjectivebackaperture. Wewill use the“pancake”
excitationmode to evaluatehowwhole-volume2PELF illumination compares to the spatial specificity of selected-
plane excitation.

We will assess 2PELF’s axial and lateral spatial resolution as a function of depth by imaging 10-micron
red fluorescent beads seeded in agarose either weakly or strongly scattering (mean free path 200 microns, like
mammaliancortex [14]). Wewillfirst imagethebeadswithpath(A)toacquireahighresolution3Dreconstruction
ofbead location. Thenwewill acquire lightfieldswith thebeadsusingpath (C)andassess thefidelityandcontrast
with which 2PELF can resolve single beads and infer their position as a function of depth, scattering strength,
and bead concentration. We will compare the depth at which single beads can be resolved between 2PELF and
“pancake mode” as a function of agarose scattering coefficient and bead density.

Milestones/deliverables: (a) Four optical paths aligned and parfocal (Month 6); (b) Fluorescent bead dis-
criminability quantified as a function of depth and scattering (Month 10). (c) Develop software for integrated
2PELF data acquisition and analysis (Month 12).



• In order to speed up acquisition one can change the illumination strategy
• This mitigates the issue but does not fix it 
• Issue with scattering

Two-Photon Microscopy



Light-field Microscopy

Light-Field Microscopy (LFM) is a high-
speed imaging technique that uses a 
simple modification of a standard 
microscope to capture a 3D image of an 
entire volume in a single camera snapshot

 



Light-field Microscopy and EPI



Light-field Microscopy and Illumination Strategies

Key insight: use the 2P microscope for high-resolution structural information and the LFM for monitoring the 
activity of neurons.  



Our Solution: Scattering-robust structural volumes
+ high-bandwidth, scanless functional volumes

Microlens array

Amanda Foust



2D Measured LF image

3D Input

2

Computational
 Algorithm 

Light-field Microscopy

Challenge: given a sequence of lightfields (2-D signals), need to reconstruct a sequence of  
volumes (3-D+t)



Volume Reconstruction from Light-field Data

• Challenges 
• Scattering induces blur, making inversion 

more challenging
• Lack of ground-truth data for learning

• Opportunities
• Forward model structured and linear
• Data is sparse (neurons fire rarely and are 

localized in space)
• Occlusion can be ignored

2-D LF 

Volume 



Microlens Array
Objective Tube Lens

𝑥
𝑧

LF Microscope

Image Sensor

NOP NIP

• Forward model is linear which means	𝒚 = 𝑯𝒙 
• 𝑯 is estimated using wave-optics 
• For each depth, 𝑯 is block-circulant 

(periodically shift invariant) and can be 
modelled with a filter-bank 

• The entire forward model can be 
modelled using a linear convolutional 
network with known parameters (given 
by the wave-optics model)

Forward Model



Forward ModelDepth-dependent impulse response

• The discrete LFM system:  


•

y = Hx

H =
D

∑
i=1

HiSi

H1

H2

Hi

HD



• Data is sparse (neurons fire rarely and are localized in space)

• Solve min
!
( 𝑦 − 𝐻𝑥 " + 𝑥 #) s.t 𝑥 ≥ 0

• This leads to the following iteration: 

𝑥$%# = 𝑅𝑒𝐿𝑈(𝑥$ − 𝐻&𝐻𝑥$ + 𝐻&𝑦 + 𝜆)

• Approach: Convert the iteration in a deep neural network using the unfolding technique

Neural Network for Volume Reconstruction



• Convert the iteration in a deep neural network using the unfolding technique 

𝑥$%# = 𝑅𝑒𝐿𝑈(𝑥$ − 𝐻&𝐻𝑥$ + 𝐻&𝑦 + 𝜆)
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Fig. 6. CNN architecture. Our reconstruction network g(·) is composed of (1)
a compression layer c(·), which is a linear convolutional layer with N →N
input channels and V output channels and (2) a LISTA network. At each layer
of LISTA we use the architecture of the compress forward CNN h(·) shown
in Figure5 and the adjoint operator hT (·). The LISTA network is composed
of K layers.

each layer corresponds to one iteration of ISTA. Effectively,
each layer of LISTA implements the following step:

x
k+1 = Tω(xk →H

T
1H2x

k +H3
T
y), (4)

where H1,H2 and H3 are matrices of same size and
structure as H. These matrices are the parameters of the
network that can be learned using a proper loss function.
Note that, contrary to [21], we do not fuse the product HT

1H2

into a single matrix since we want to keep the structure of
each factor. This version of LISTA uses the soft-thresholding
as the element-wise non-linearity due to the l1 constraint in
Equation (2). However, ISTA can be used with different types
of non-linearities related to the prior imposed, as explained in
[24]. For instance, replacing Tω by a rectified linear unit (Relu)
imposes non-negativity, and replacing it with a ReLU with a
bias term imposes sparsity and non-negativity. In our case, x
is sparse and non-negative. Therefore, we propose a LISTA
network that uses a ReLU with a bias term as non-linearity:

x
k+1 = ReLU(xk →H

T
1
kHk

2x
k +H

T
3
k
y + ωk), (5)

where ωk is a learnable bias. Furthermore, the custom
{Hk

i }3i=1 for each unfolded iteration k gives the network more
capabilities without compromising its simplicity.

In many practical cases, the described LISTA network
cannot be used directly to solve the volume reconstruction
problem. The size and structure of the matrix H make it
computationally prohibitive to perform matrix multiplications
repeatedly. Therefore, we propose using the compressed for-
ward CNN h(·) proposed in Section IV-B to reduce the com-
putational complexity. The final architecture of our network
is, therefore, described as follows:

x
k+1 = ReLU(xk → hT

1
k
(hk

2(x
k)) + hT

3
k
(c(y)) + ωk), (6)

where we have replaced matrices H
k
i in Equation (5) with the

linear mappings {hi}3i=1. The computation of all the {hi}3i=1

is determined by the architecture of the compressed forward
CNN derived from physics and explained in SectionIV-B. Note
that the structure of the adjoint operators (transpose) {hT

i }3i=1

in Equation (6) can be easily computed from the permutation
of the weights of h(·). Furthermore, the input of the network
is c(y) rather than y. The mapping c(·) is defined as a single
linear convolutional layer with N ↑N input channels and V

(a)

(b)

Fig. 7. Training of our GAN architecture. In (a), we show how the LISTA
network g(·) is trained using a content loss and an adversarial loss computed
from a critic D(·). The content loss is computed using a few labelled data
pairs, unlabelled LF data, and the known forward model f(·). In (b), we show
the structure of the critic D(·) designed following typical techniques for 3D
GANs[25].

output channels and filters of unit size. By having V output
channels, c(·) is compatible with the input size of the operators
{hT

i }3i=1. For this compression step, we found unit-size filters
to be effective; however, filters of any size could be used. We
highlight that the coefficients of the compression layer c(·) are
learned together with LISTA. The end-to-end network g(·; ε),
where ε represents the learnable parameters of the network, is
shown in Figure 6. If additional simplification is needed, some
convolutional layers in g(·) can be replaced by a cascade of
layers with a smaller filter size.

B. CNN Training

We learn the parameters ε of our LISTA network g(·; ε) with
a proper loss function and a mixture of labelled and unlabelled
datasets. In our scenario, a labelled dataset comprises LF im-
ages and the corresponding 2P volumes. For many applications
in LFM, capturing a huge labelled dataset is too expensive or
even unfeasible. For instance, when studying the behavior of
neurons in mammalian tissue, capturing a clean 3D label is
challenging due to the scattering media. Furthermore, using
only synthetic data for training is problematic if noise is not
appropriately modelled.

In our setting, we propose acquiring a very small labelled
training dataset. We label neurons in a single brain sample
using TdTomato fluorophore. The TdTomato allows capturing
the static distribution of the neurons in space using both 2P
and LF modalities. The 2P raster scanning modality provides
the ground truth volume that can be paired with the LF images
acquired with the same fluorophore. Therefore, to train LISTA
we exploit the small labelled dataset, the large amount of
unpaired LF images, and the knowledge of the forward model.
The training loss is stated as follows:

Neural Network for Volume Reconstruction
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Fig. 6. CNN architecture. Our reconstruction network g(·) is composed of (1)
a compression layer c(·), which is a linear convolutional layer with N →N
input channels and V output channels and (2) a LISTA network. At each layer
of LISTA we use the architecture of the compress forward CNN h(·) shown
in Figure5 and the adjoint operator hT (·). The LISTA network is composed
of K layers.

each layer corresponds to one iteration of ISTA. Effectively,
each layer of LISTA implements the following step:

x
k+1 = Tω(xk →H

T
1H2x

k +H3
T
y), (4)

where H1,H2 and H3 are matrices of same size and
structure as H. These matrices are the parameters of the
network that can be learned using a proper loss function.
Note that, contrary to [21], we do not fuse the product HT

1H2

into a single matrix since we want to keep the structure of
each factor. This version of LISTA uses the soft-thresholding
as the element-wise non-linearity due to the l1 constraint in
Equation (2). However, ISTA can be used with different types
of non-linearities related to the prior imposed, as explained in
[24]. For instance, replacing Tω by a rectified linear unit (Relu)
imposes non-negativity, and replacing it with a ReLU with a
bias term imposes sparsity and non-negativity. In our case, x
is sparse and non-negative. Therefore, we propose a LISTA
network that uses a ReLU with a bias term as non-linearity:

x
k+1 = ReLU(xk →H

T
1
kHk

2x
k +H

T
3
k
y + ωk), (5)

where ωk is a learnable bias. Furthermore, the custom
{Hk

i }3i=1 for each unfolded iteration k gives the network more
capabilities without compromising its simplicity.

In many practical cases, the described LISTA network
cannot be used directly to solve the volume reconstruction
problem. The size and structure of the matrix H make it
computationally prohibitive to perform matrix multiplications
repeatedly. Therefore, we propose using the compressed for-
ward CNN h(·) proposed in Section IV-B to reduce the com-
putational complexity. The final architecture of our network
is, therefore, described as follows:

x
k+1 = ReLU(xk → hT

1
k
(hk

2(x
k)) + hT

3
k
(c(y)) + ωk), (6)

where we have replaced matrices H
k
i in Equation (5) with the

linear mappings {hi}3i=1. The computation of all the {hi}3i=1

is determined by the architecture of the compressed forward
CNN derived from physics and explained in SectionIV-B. Note
that the structure of the adjoint operators (transpose) {hT

i }3i=1

in Equation (6) can be easily computed from the permutation
of the weights of h(·). Furthermore, the input of the network
is c(y) rather than y. The mapping c(·) is defined as a single
linear convolutional layer with N ↑N input channels and V
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Fig. 7. Training of our GAN architecture. In (a), we show how the LISTA
network g(·) is trained using a content loss and an adversarial loss computed
from a critic D(·). The content loss is computed using a few labelled data
pairs, unlabelled LF data, and the known forward model f(·). In (b), we show
the structure of the critic D(·) designed following typical techniques for 3D
GANs[25].

output channels and filters of unit size. By having V output
channels, c(·) is compatible with the input size of the operators
{hT

i }3i=1. For this compression step, we found unit-size filters
to be effective; however, filters of any size could be used. We
highlight that the coefficients of the compression layer c(·) are
learned together with LISTA. The end-to-end network g(·; ε),
where ε represents the learnable parameters of the network, is
shown in Figure 6. If additional simplification is needed, some
convolutional layers in g(·) can be replaced by a cascade of
layers with a smaller filter size.

B. CNN Training

We learn the parameters ε of our LISTA network g(·; ε) with
a proper loss function and a mixture of labelled and unlabelled
datasets. In our scenario, a labelled dataset comprises LF im-
ages and the corresponding 2P volumes. For many applications
in LFM, capturing a huge labelled dataset is too expensive or
even unfeasible. For instance, when studying the behavior of
neurons in mammalian tissue, capturing a clean 3D label is
challenging due to the scattering media. Furthermore, using
only synthetic data for training is problematic if noise is not
appropriately modelled.

In our setting, we propose acquiring a very small labelled
training dataset. We label neurons in a single brain sample
using TdTomato fluorophore. The TdTomato allows capturing
the static distribution of the neurons in space using both 2P
and LF modalities. The 2P raster scanning modality provides
the ground truth volume that can be paired with the LF images
acquired with the same fluorophore. Therefore, to train LISTA
we exploit the small labelled dataset, the large amount of
unpaired LF images, and the knowledge of the forward model.
The training loss is stated as follows:

Training of the Neural Network

• Training, in this context, is difficult due to lack of ground-truth data
• Our approach: semi supervised learning

• Small ground truth dataset
• Light-field loss based on re-synthesizing 
     light-field from reconstructed volume
• Adversarial network for adversarial loss
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Fig. 8. Reconstruction using real light field data from acute mouse brain slices expressing TdTomato fluorophore. In part (a), the first three rows show the
two-photon 3D image used as ground truth, and the reconstruction using two model-based approaches: ISRA and ADMM, respectively. Furthermore, in the
next two rows we evaluate the state-of-the-art LFMNet proposed in [9] and we show our LISTA approach. We show several slices for different depths. This
reconstruction corresponds to the performance shown in the first row in Table I. In part (b), we show performance for a light field image with a deeper focal
depth, corresponding to the row 28 in Table I. The performance of all methods degrades when imaging deeper in the tissue. Note that our LISTA method
achieves the best performance in terms of both PSNR and SSIM. The shown PSNR and SSIM are measured at each depth. Measures on the whole volume
are shown in Table I. All the distances are measured in µm. The settings used to capture both the light field image and two-photon image are specified in
Section VI.
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Fig. 8. Reconstruction using real light field data from acute mouse brain slices expressing TdTomato fluorophore. In part (a), the first three rows show the
two-photon 3D image used as ground truth, and the reconstruction using two model-based approaches: ISRA and ADMM, respectively. Furthermore, in the
next two rows we evaluate the state-of-the-art LFMNet proposed in [9] and we show our LISTA approach. We show several slices for different depths. This
reconstruction corresponds to the performance shown in the first row in Table I. In part (b), we show performance for a light field image with a deeper focal
depth, corresponding to the row 28 in Table I. The performance of all methods degrades when imaging deeper in the tissue. Note that our LISTA method
achieves the best performance in terms of both PSNR and SSIM. The shown PSNR and SSIM are measured at each depth. Measures on the whole volume
are shown in Table I. All the distances are measured in µm. The settings used to capture both the light field image and two-photon image are specified in
Section VI.
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Fig. 8. Reconstruction using real light field data from acute mouse brain slices expressing TdTomato fluorophore. In part (a), the first three rows show the
two-photon 3D image used as ground truth, and the reconstruction using two model-based approaches: ISRA and ADMM, respectively. Furthermore, in the
next two rows we evaluate the state-of-the-art LFMNet proposed in [9] and we show our LISTA approach. We show several slices for different depths. This
reconstruction corresponds to the performance shown in the first row in Table I. In part (b), we show performance for a light field image with a deeper focal
depth, corresponding to the row 28 in Table I. The performance of all methods degrades when imaging deeper in the tissue. Note that our LISTA method
achieves the best performance in terms of both PSNR and SSIM. The shown PSNR and SSIM are measured at each depth. Measures on the whole volume
are shown in Table I. All the distances are measured in µm. The settings used to capture both the light field image and two-photon image are specified in
Section VI.
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Fig. 8. Reconstruction using real light field data from acute mouse brain slices expressing TdTomato fluorophore. In part (a), the first three rows show the
two-photon 3D image used as ground truth, and the reconstruction using two model-based approaches: ISRA and ADMM, respectively. Furthermore, in the
next two rows we evaluate the state-of-the-art LFMNet proposed in [9] and we show our LISTA approach. We show several slices for different depths. This
reconstruction corresponds to the performance shown in the first row in Table I. In part (b), we show performance for a light field image with a deeper focal
depth, corresponding to the row 28 in Table I. The performance of all methods degrades when imaging deeper in the tissue. Note that our LISTA method
achieves the best performance in terms of both PSNR and SSIM. The shown PSNR and SSIM are measured at each depth. Measures on the whole volume
are shown in Table I. All the distances are measured in µm. The settings used to capture both the light field image and two-photon image are specified in
Section VI.

Ground-truth ISRA ADMM

H. Verinaz et al. "Physics-based Deep Learning for Imaging Neuronal Activity via Two-photon and Light-field 
Microscopy”,  IEEE Trans. on Computational Imaging, 2023.
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CHAPTER 4. A MULTIMODAL APPROACH FOR THE DETECTION OF NEURONAL

ACTIVITY

Figure 4.1: The overview of the end-to-end process, which involves reconstruction (in the blue box,
using the method presented in [7]), volume segmentation, synthetic footprint generation, and time
sequence identification.

4.2 Volume Reconstruction

The volume reconstruction is completed via the multimodal physics-inspired deep learning ap-

proach detailed in Chapter 3. As a quick summary, the forward imaging process is described by

a convolutional neural network and has reduced dimensionality. Reconstruction consists of a com-

pression (linear convolutional) layer and a K -layer LISTA network, where each layer of the network

corresponds to an iteration of ISTA. Training is completed with a generative adversarial network

on small datasets obtained from 2PM and LFM imaging. The trained network is used to recon-

struct a 4D LF volume (3D spatial and 1D temporal) that is used as input for the segmentation

process [7].

4.3 Volume Segmentation

As previously mentioned, localizing neurons in space is of key interest to researchers. Pnev-

matikakis et al. and Nöbauer et al. applied matrix factorization to iteratively and simultaneously

𝑌 = 𝑆 ⋅ 𝑇





LISTA-based net decreases crosstalk between neighbouring 
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• Technical Studies of Old Masters 
paintings : 

• For conservation and to understand 
the creative process of the artist 

• To date paintings and address 
questions of attribution

• To present the collection in new ways

Oil Painting

Visible Part

Invisible Part ?

Art-Investigation

X-rayVisible

Francisco de Goya, Dona Isabel de Porcel (NG1473), before 1805. Oil on canvas, Images © The National Gallery



MA-XRF Datacube and Spectrum

• Macro X-ray provides volumetric data and the locations of the 
pulses in the energy direction are related to the chemical 
elements present in the painting.

• This potentially allows us to create maps that show the 
distribution of different chemical elements

Energy
0-40 keV
4096 
channels

Images © The National Gallery, London



Our XRF

Deconvolution

Algorithm

Copper

Zinc

Iron
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Extraction of Elemental Maps
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Vincent van Gogh, “Sunflowers (NG3863)”, © The National Gallery, London.



Leonardo da Vinci’s “The Virgin of the 
Rocks”

Highlighted is the region of an XRF dataset collected on the painting with an M6 
Bruker JETSTREAM instrument (30 W Rh anode at 50 kV and 600 µA, 60 mm2 Si drift 
detector, and data collected with 350 µm beam and pixel size and 10 ms dwell time).

Leonardo da Vinci, “The Virgin of the Rocks (NG1093),” about 1491/2-9 and 1506-8, oil on poplar, 189.5 x 120 cm, The National 
Gallery, London.
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Results



Zinc (Zn) distribution maps

Zn confidence map Zn quantity map
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S. Yan, J.-J. Huang, N. Daly, C. Higgitt, and P. L. Dragotti, “When de Prony Met Leonardo: An Automatic Algorithm for Chemical 
Element Extraction in Macro X-ray Fluorescence Data”, IEEE Transactions on Computational Imaging, vol.7, 2021.



Conclusions

• In imaging problems:
• operating at the interface between maths/physics and computation is 

essential 
• Cross fertilization between model-based approaches and deep learning 

is fruitful

• My message: 
• embrace inverse imaging problems because they: 

• are fun 🙂
• and inter-disciplinary 
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