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• 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 highlight advantages and pitfalls of data-driven solutions in imaging for scientific 
discovery

Motivation



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



Light field microscopy for 
neuroscience 

Scientific Imaging

Imaging for scientific discovery:
• Very complex imaging workflows
• No or limited ground truth data (but ever 

increasing size of data output)

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

• The lack of ground-truth data and large 
size of data output calls for methods that 
find the right balance between data and 
priors



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

• Multi-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

(B)$3D'CGH$

(A)$Point'scanning$

PMT$

sCMOS$

CCD$

LED$

PM
T$

Op<cal$
Parametric$
Amplifier$

Ti:Sapphire$
Oscillator$
λ$=$950$nm$

Mirror$
2PELF$

(A,C)$Point'$and$$
pancake'scanning$
Fluor$collec<on$

(C)$Light'field$

(D)$Widefield$
epifluor$

(C)$2PELF$and$“Pancake”$
fluorescence$excita:on$path$

Gra<ng$
“Pancake”$

X$

Z$

2P$Fluorescence$
Excita<on$Profile$

ETL$

A)$Op<cal$schema<c$ B)$Fluorescence$excita<on$modes$$$
Point$scanning$(2PLSM)$

2'photon$Light$Field$(2PELF)$

C)$Protocol$for$2PEFL$with$NeuroAc<ve$sensing$
Step$1:$Acquire$3D,$high$
spa<al$resolu<on$map$of$
neuron$loca<on$with$2PLSM$

Step$2:$Fast$2PELF$recording$
while$holographically$
ac<va<ng$each$neuron$in$turn$

Step$3:$Use$light'field$data$acquired$in$
S2$to$segment$and$map$light$fields$
measured$during$subsequent$ac<vity$on$
to$high$resolu<on$images$acquired$in$S1$$$

Amplified$laser$
(1035$nm)$

Temporally$focused$(“pancake”)$

Axial$
Scan$

Axial$
Scan$

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

 



Lightfield vs Multi-Camera Systems



Light-field Microscopy and EPI



Light-field Microscopy and Illumination Strategies



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 



• 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



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

𝒙𝟏 𝒙𝟐

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



• 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



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

tdTomato structural marker

jGCaMP8f (world’s fastest calcium indicator protein ): 
one-photon LFM at 100 Hz

25 µm

One-photon LFMTwo-photon scanning
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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
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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
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i in Equation (5) with the
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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
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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



Fast volumetric jGCaMP8f time-series extraction

LF activity map: 
max(∆F)/σ(F)

Input F(t):
 LF video acquired in 

brain slice 
cortical layer 2/3

LISTA-based net 
Volume Estimation

533 x 533 x 104 μm

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.



Fast volumetric jGCaMP8f time-series extraction

LF activity map: 
max(∆F)/σ(F)

Input F(t):
 LF video acquired in 

brain slice 
cortical layer 2/3

LISTA-based net 
Volume Estimation

533 x 533 x 104 μm

8-iteration Richardson-Lucy Deconvolution

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.



Fast volumetric jGCaMP8f time-series extraction

533 x 533 x 104 μm

Voronoi-Otsu Labelling

LFM 
forward 

model CNN

LF footprints, Y

…4

36
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

C. L Howe et al. “Light-field deep learning enables high-throughput, scattering-mitigated calcium imaging”, Proceedings of the 
National Academy of Sciences (PNAS), 122 (48), 2025





Electron Cryogenic Microscopy (Cryo-EM)

Electron Cryogenic Microscopy (Cryo-EM)

• A technique that allows the study of molecule 
structures at near-atomic resolution:

1. Purified sample that contains the same 
molecule are cooled to cryogenic temperature 
and embedded in a thin layer of vitreous ice

2. Parallel electron beams penetrate the sample, 
and we obtain a 2-D micrograph containing 
the tomographic projections of the molecules



Open Questions

Since we cannot control how the molecule are oriented inside the sample, the micrograph effectively contains 
millions of 2-D projections of the molecule at random orientations. Open questions:

• Uniqueness of the solution: under what conditions can the original 3D structure be perfectly 
reconstructed from its filtered and sampled 2D projections?

• Minimum number of projections: how many projections are required to achieve perfect 
reconstruction?

• Any constructive algorithms?



Perfect Reconstruction with Noiseless Samples

K. Zhao, R. Wang and P.L. Dragotti, “Reconstructing 3-D FRI shapes from tomographic projections at unknown angles”, 
International Conference on Sampling Theory and Applications (SampTA), 1-5, 2025

R. Wang and P.L. Dragotti “Perfect Reconstruction of Classes of 3D Non-Bandlimited Signals from Tomographic Projections at 
Unknown Angles”, European Signal Processing Conference (EUSIPCO), 2023



Masked Autoencoder to Estimate Orientation

Fig. 1: Masked Projection Modelling (MPM). The encoder fω learns a latent representation from an unmasked reference
projection and the visible patches of multiple target projections. The decoder gε is then trained to reconstruct the masked
regions of the targets. The magenta-outlined projection serves as an example of one target from the input set.

2. PROBLEM STATEMENT

In cryo-EM experiments, biological macromolecules, often
flexible, suspended in a liquid solution are frozen in a thin
layer of vitreous ice. An electron beam then passes through
the sample and a large number of 2D projections are recorded.
Reconstructing the 3D structure of the molecule from these
projections is a challenging problem due to the very high level
of noise in the images and the fact that the orientation of each
projection is unknown. Moreover, some rare states may be
represented by a very small number of projections. g Con-
cretely, let V : R3 → R denote the unknown 3D cryo-EM
density map. Each 2D experimental projection X : R2 →R
is modeled as a point spread function (PSF) ω convolved with
the line integral of a rigidly rotated and translated copy of V ,
contaminated by noise:

X(x, y) = ω ↑
∫

R
V
(
R

→
[x, y, z]

→
+ d

)
dz + ε, (1)

where R ↓ SO(3) is the orientation, d = (dx, dy, 0) ↓ R3 is
the in-plane shift, and ε is measurement noise.

We note that taking the 2D Fourier transform of (1) yields

X̂(k) = ω̂ V̂
(
R

→
[kx, ky, 0]

→)
e
↑ j2ϑ k·(dx,dy) + ε̂, (2)

where f̂(·) denote the 2D/3D Fourier transform of f(·) and
k = (kx, ky). Eq. (2) is known as the Fourier Slice Theo-
rem [14] and shows that the 2D Fourier transform of a pro-
jection X is equivalent to a central slice of the 3D Fourier
transform of V , modulated by the Contrast Transfer Function
(CTF), which is the Fourier transform of the imaging PSF,
and a phase factor due to the in-plane translation. This indi-
cates that when projection orientation and shifts (Ri, di) are
known, estimating V reduces to assembling the measured 2D
Fourier planes into a 3D Fourier volume and then applying an

inverse 3D transform. The main challenge remains the accu-
rate estimation of the projections orientation.

3. APPROACH
Our pipeline is summarized in Figs. 1 and 2. In the first stage,
Masked Projection Modelling (MPM), we train a masked
autoencoder in a self-supervised manner to extract geomet-
ric relationships among cryo-EM projections (Section 3.1
and Fig. 1). The resulting encoder is then fine-tuned in the
Probabilistic Orientation Estimation (POE) stage to predict
relative orientations by modeling a probability distribution
over 3D rotations, ensuring stable and accurate training (see
Section 3.2). At test time, this pre-trained encoder estimates
projection orientations, which are jointly refined with the 3D
structure using an INR-based ML-EM framework, yielding
high-resolution reconstructions from sparse, noisy views.
This is described in Section 3.3 (see also Fig. 2).

3.1. Masked Projection Modelling (MPM)

Inspired by masked autoencoders [15] and extending upon
our previous work in 2D tomography [16], this study adapts
the vision transformer [17] architecture for the reconstruction
of 3D cryo-EM structures. The core task is to learn the im-
plicit geometric relationships between a single reference pro-
jection, xref , and a set of N corresponding target projections,
{xtgti}Ni=1, in a self-supervised manner.

Each projection is first divided into non-overlapping
patches and linearly embedded into tokens. We augment
these tokens with learnable projection identifiers to distin-
guish between tokens from different projections. Positional
information is incorporated by applying 2D Rotary Posi-
tional Embeddings (RoPE) [18]. The resulting tokens for the
reference and i-th target projection are uref and utgt,i.

J. Chen et al., Masked Projection Modelling for sparse-view Cryo-EM Reconstruction, IEEE ICASSP, 2026



End-to-End Reconstruction Approach

Fig. 2: End-to-End Orientation Estimation and 3D Refinement. The pre-trained encoder fω from the MPM stage processes
an unmasked reference projection and a set of unmasked target projections. An orientation decoder uses the resulting latent
features to perform Probabilistic Orientation Estimation (POE), predicting a distribution over possible angles for each target. As
exemplified by the magenta-outlined projection, this initial orientation estimate serves as the starting point for the subsequent
INR-based ML-EM framework, which iteratively refines the orientations and reconstructs the high-resolution 3D volume.

Next, we apply a random masking strategy M to each set
of target tokens independently. We employ a uniform sam-
pling strategy to select a subset of tokens for masking, which
compels the model to develop a robust and generalized feature
representation rather than relying on localized information.
This process for the i-th target projection can be represented
as:

vtgti = M(utgti ; ω), (3)
where M is the random masking operation and ω → (0, 1) is
the masking ratio.

The encoder receives the full sequence of reference to-
kens, uref , together with the unmasked token sequences from
all target projections, {vtgti}Ni=1. The objective is to recon-
struct the masked portions of the target projections using only
the visible tokens. This forces the encoder to learn the under-
lying geometric transformations between the reference view
and all target views simultaneously.

Within the encoder, a self-attention mechanism processes
the combined sequence of tokens. This mechanism computes
attention scores across the entire set, allowing the model to
establish dynamic, context-dependent connections not only
between the reference and target tokens but also among the
different target projections themselves. The encoding process
is:

[zref , {ztgt,i}Ni=1] = fω

((
uref , {vtgt,i}Ni=1

))
, (4)

where fω is the encoder , parameterized by ε, zref represents
the encoded reference tokens, and {ztgti} are the encoded
unmasked tokens for each target projection.

A lightweight decoder gε(·) then reconstructs the full tar-
get projections {x̂tgti} from the latent representations as fol-
lows:

{x̂tgti}Ni=1 = gε

((
zref , {ztgt,i}Ni=1

))
, (5)

where gε is the decoder parameterized by ϑ. The MPM sys-
tem is trained by minimizing the total reconstruction error,
summed over all target projections:

J =

N∑

i=1

↑xtgti ↓ x̂tgti↑
2
2 . (6)

It is important to note that the lightweight decoder is only
used during this pre-training phase to build a powerful and
geometrically-aware encoder for downstream tasks.

3.2. Probabilistic Orientation Estimation (POE)
Following the MPM pre-training stage, we fine-tune the
geometrically-aware encoder fω(·) for the downstream task
of 3D orientation estimation using supervised learning. For
each of the N target projections, we formulate the estimation
as a task of predicting its orientation relative to the refer-
ence projection. Directly regressing 3D rotation parameters
is challenging due to the non-Euclidean nature of the SO(3)

group and representation discontinuities. We circumvent this
by predicting the orientation of each target projection relative
to the reference as a probability distribution.

Specifically, we parameterize the ground-truth orientation
using Euler angles (ϖ,ϱ, ς). For each angle φ → {ϖi,ϱi, ςi},
we create a soft target distribution Q over M discrete angular
bins using a Gaussian centered at the true angle:

Qk =

exp

(
↓ 1

2

(
ϑbink

→ϑ

ϖ

)2
)

∑
M

j=1 exp

(
↓ 1

2

(
ϑbinj

→ϑ

ϖ

)2
) , (7)

where φbink is the center of the k-th bin and ↼ controls the
distribution’s smoothness. An orientation decoder is attached
to the pre-trained encoder and outputs three probability dis-
tributions, (Pϱi , Pςi , Pφi), for each target projection. The
model is trained to minimize the total Kullback-Leibler (KL)
divergence between the predicted distributions and the ground
truth distributions, summed over all three angles and all N
target projections. This probabilistic formulation effectively
handles the periodic and discontinuous nature of angles, lead-
ing to more stable training and improved generalization.

3.3. 3D Refinement using INR-based ML-EM

At testing stage on real data, the estimated orientations
from POE are further refined while reconstructing a high-
resolution 3D volume. We adapt the Maximum-Likelihood
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Reconstruction Results

Reference CryoSPARC Ours

Fig. 3: Reconstruction results on EMPIAR-10028 with
1,000 projections. Top to bottom: reconstructed volumes,
FSC curves against the reference map, and a representative
particle image alongside its estimated orientation distribution.

Expectation-Maximisation (ML-EM) algorithm by represent-
ing the 3D volume as a continuous Implicit Neural Represen-
tation (INR), Vω : R3 → R. This network maps a 3D fre-
quency coordinate k to its corresponding Hartley transform
amplitude, avoiding voxelization artifacts. Let !(Vω, R)

denote the operator that extracts the 2D central slice from
the INR Vω corresponding to the orientation R. This slice
represents the projection image in the Hartley domain. The
refinement iterates between an E-step and an M-step.

In the E-step of iteration t, for each particle image Xi,
we update its orientation probabilities. We generate a set of
candidate orientations Si by local sampling around the current
estimate R(t)

i
. We then compute a coefficient ω(t)

i
(R) for each

candidate orientation R ↑ Si as follows:

ω
(t)
i

(R) =

exp

(
↓↔Hi→!(V

ω(t) ,R)↔2

2ε2

)

∑
R→↑Si

exp

(
↓↔Hi→!(V

ω(t) ,R
→)↔2

2ε2

) , ↗R ↑ Si,

(8)
where Hi is the Hartley transform of image Xi and ε

2 is the
noise variance. Fundamentally, ω(t)

i
(R) represents the prob-

ability of orientation R for Xi, given the current estimated
volume Vω(t) .

In the M-step of iteration t, we update the INR param-
eters ϑ by maximizing the expected log-likelihood. This is

achieved by minimizing the responsibility-weighted recon-
struction error via gradient descent, with gradients backprop-
agated through the INR:

Vω(t+1) = argmin
ω

K∑

i=1

∑

R↑Si

ω
(t)
i

(R) ↔Hi ↓!(Vω(t) , R)↔2 ,

(9)
where K is the total number of particle images. By iterat-
ing between these E and M steps, we progressively improve
both the orientation estimation and the quality of the 3D re-
construction.

4. RESULTS
To train our model, a dataset was created from atomic struc-
tures randomly selected from the Protein Data Bank [19]. For
each atomic structure, a 3D density map was generated on a
128

3 grid using the molmap command in UCSF ChimeraX
[20], with the resolution automatically determined to fully
encompass the molecule. From each density volume, a set
of clean 2D projections was then generated by sampling
uniformly distributed orientations in SO(3). Finally, these
clean projections were degraded by applying random in-
plane shifts, effects of the Contrast Transfer Function (CTF),
and additive Gaussian noise.

To assess performance in a few-shot regime, we evaluated
on a held-out subset of 1,000 particles from EMPIAR-10028
[21], which contains the Plasmodium falciparum 80S ribo-
some that has been widely studied in prior work. Our method
uses eight projections per orientation estimate. Since our fo-
cus is orientation estimation, we assume in-plane shifts are
known and defer joint shift estimation to future work. We
compare against CryoSPARC [4] (ab initio reconstruction fol-
lowed by homogeneous refinement) and the amortized deep-
learning method CryoFIRE [8]. As a point of reference, we
also form a 3D reference map by back-projecting the same
1,000 projections using their ground truth orientations.

As shown in Fig. 3, our method reconstructs sharper den-
sity with finer secondary-structure detail than CryoSPARC.
CryoFIRE is not shown because it did not converge to a usable
map under 1,000 projections in our setting. Quantitatively,
evaluating the Fourier shell correlation (FSC) against the ref-
erence map shows our method outperforming CryoSPARC at
all spatial frequencies, indicating improved resolution.

5. CONCLUSION
To overcome the limit of conventional cryo-EM reconstruc-
tion pipelines in resolving conformational heterogeneity, es-
pecially for rare states, we presented an end-to-end frame-
work that decouples orientation estimation from 3D map es-
timation. Self-supervised MPM learns the intrinsic geometric
relationships among projections and, coupled with supervised
POE, yields robust initial poses that are jointly refined with
the 3D density map at testing stage on real data via an INR-
parameterized ML–EM algorithm. In few-particle regimes,
our method produces sharper maps and higher FSC resolu-
tion than established baselines.
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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

• Inverse imaging problems: 
• are fun 🙂
• and inter-disciplinary 
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