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The Mixed Blessing of a Microscope

Reality
~
Small Objects Small Objects
(e.g. cultured human cells)  Magnified by a Microscope
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How Far can We See in a Microscope?

Point Source Point Source

\Objecl:tive \ >

v

Aperture

A A
d = R "
2n sin #

Numerical aperture

Wavelengt
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Resolvable feature size
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Imaged Spot Size Imaged Spot Size half angle_ SUt_)tended by the
(High NA) (Low NA) optical objective lens

Source: microscopyu.com
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Super-resolution Microscopy

b TIRF

a  Wide-field

= =
(Deoonvolutlon)
Image e
Excitation
laser | Dichroic
mirror,
*—- —_ Pupil plane

(3D SIM) -

h LLs

)

Variants: Bessel beam, LLS-SIM

S - 7 i
= — 1 N ;
ject plane e i
K Interference-based SIM !
) 15images

Variants: TIRF, HILO

g\

ExM
Physical
expansion
P
confocal,

| wide-field,
| SRM

= | | , RESOLFT _
- 1 ‘ with
= reversibly
switchable
[ dyes

4 Generative Al for Inverse Problems in Biomedical Computational Microscopy

+
‘ STED, SIM

Wide-field or TIRF Variants:
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The Roval Swedish Academy of Scrences has deceded fo aweanrd the

2014 NOBEL PRIZE IN CHEMISTRY

EI‘lC Betzig, Stefan W. Hell
and William E. Moerner

Jor the development of super resofoed flucrsscence nricrvscopy”

Schemelleh, Lothar, et al. "Super-resolution microscopy demystified." Nature cell biology 21.1 (2019): 72-84.
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Super-resolution Microscopy as an Inverse Problem

Widefield

...................................... .
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Machine Learning as a Solution to an Inverse Problem

Discriminative Al Generative Al
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Machine Learning as a Solution to an Inverse Problem
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Regression

Sampling

A\ 4

VS
H ‘ ’ CENTER FOR ADVANCED
- SYSTEMS UNDERSTANDING



Convolutional Neural Networks

Convolutional
Neural Network

Mammal Visual Cortex
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Super-resolution Microscopy as an Inverse Problem
Widefield GT ©m

Reverse: Unknown

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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Computational Super-resolution Microscopy:
Finding a Suitable Dataset

BioSR ~20k
Widefield GT

Not nearly enough!

ii)Lii della Maﬂﬂiora & Yakimovich et aI.i 2024i Coms. Enﬁ.
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Computational Super-resolution Microscopy:

Finding a Suitable Dataset
~20k >1.2min

BioSR ImageNet

I =¢(hxx+0b)

, Where the image |/, is the result of the convolution between
object x and system PSF h with the background signal noise
b added

Acquisition | Arnison and Sheppard. A 3d vectorial optical transfer function suitable for

ella Microscopy model 'n[;afe'\'fti‘t arbitrary pupil functions. Optics communications, 211(1-6):53-63, 2002.
Maggiora Dataset SERE

@Li, della Maggiora & Yakimovich et al., 2024, Coms. Eng.
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Super-resolution Inverse Problems are lll-posed
Widefield GT ©m
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Super-resolution Microscopy using Physics-informed

Diffusion Probabilistic Models
Reverse process:

Physics-informed regularisation term
A

|
pe(yt_llyt,x) — Vy, [||Ayt — f||% T )\tR(yt)]

J"‘F’E‘”‘“ S

S

yr ~ N(0,I) Yt Yl 1 Yo ~ p(y|z)
T Q(yt|yt—1) Noisy tRegulariser
Gaussian Forward process OISy InRU _
Weight

ii)Lii della Maﬁﬁiora & Yakimovich et aI.i 2024i Coms. Enﬁ.
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PI-DDPM Performance on Benchmarks

Widefield RL ~ U-Net DDPM PI-DDPM GT Wldefleld _ . DDPM PI-DDPM

Table 1: Performance on Widefield Microscopy using BioSR Test Set

Table S1. Performance on Simulated Microscopy using BioSR Test Set

Metric / Model  Original Richardson-Lucy U-Net DDPM PI-DDPM Metric/Model  Original U-Net DDPM PI-DDPM (ours)

PSNR 16.127  13.394 18301 20.446 20.217 PSNR 18.649  19.706 23.703  23.974
MS-SSIM 0.745 0.684 0812 0.859  0.859 MS-SSIM 0.628 0.652  0.784  0.795
NRMSE 0.156 0.214 0.122  0.095  0.098 NRMSE 0.147 0.126  0.070 0.069

@Li, della Maggiora & Yakimovich et al., 2024, Coms. En

I ]
e ,‘ CASUS

EEEEEEEEEEEEEEEEE
' SVSTE! UMDERSTANDING

H N
14 Generative Al for Inverse Problems in Biomedical Computational Microscopy om P4 i 'n



PI-DDPM Performance on Wild Data (dSTORM)
Widefield PI-DDPM

mid-zygotene nucleus immunostained for SYCP3
(red), DMC1 (green) and RAD51 (blue) proteins

@Li, della Maggiora & Yakimovich et al., 2024, Coms. Eng.
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PI-DDPM Performance on Wild Data (dSTORM)
Widefield  U-Net DDPM  PI-DDPM dSTORM

Table 2: Performance on dSTORM Test Set. Error stands for standard deviation.

Metric / Model Original U-Net DDPM PI-DDPM (ours)
PSNR 16.487 16.712  15.5414+0.232 16.778+0.807
MS-SSIM 0.293 0479  0.638+0.007 0.612+0.039
NRMSE 0.150 0.146  0.167+0.005  0.14540.015

@Li, della Maggiora & Yakimovich et al.
I . I

2024, Coms. Eng.
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CVDM: Diffusion Schedule can be learned directly
from the data

* noise added at each timestep is controlled by a variance schedule, instead of guessing it
we propose to learn it from the data

where BT(ti,X) =1- 'y(ti,x)/’y(ti_l,x)

zg =y ~ p(y|x) 21 ~ N(0,T)

V

Zt;_y q(zti—l |zti ’ X)

L

zt; ~ q(z4,|2¢,_,,X) = N(\/ 1-— B(ti,x)zti_l,ﬁ(ti,x)l)

7 : B
o @5
I/

2, ~ alz,|z0,%) = N(V(t:, %)z, (1 — 7(ti, x))I)
ébriel m
Vacaiors della Maggiora & Yakimovich et al., 2024, ICLR
BN BN O

17 Generative Al for Inverse Problems in Biomedical Computational Microscopy
ws  SYSTEM 15 UNDERSTANDING



CVDM: Diffusion Schedule can be learned directly
frOm the data (a) CCP structures.

DFCAN CvDM Ground Truth Widefield Metric / Model DFCAN CDDPM  CVDM (ours)
: MS-SSIM (1) 0.957 0.952 0.955
‘ MAE (1) 0.006 0.007 0.007
MT v I Resolution (nm) (J.) 107 100 96
\ / (c) MT structures.
= Metric / Model DFCAN  CDDPM  CVDM (ours)
MS-SSIM (1) 0.901 0.857 0.887
ER st MAE ({) 0.033 0.042 0.04
. 4 ¥ ' Resolution (nm) (J) 127 101 97
) -
: (b) ER structures.
p Metric / Model DFCAN CDDPM CVDM (ours)
e MS-SSIM (1) 0.928 0.920 0.934
MAE ({) 0.033 0.033 0.032
Resolution (nm) () 165 157 152

(d) F-actin structures.

Metric / Model DFCAN CDDPM  CVDM (ours)
MS-SSIM (1) 0.853 0.831 0.863 -
MAE (1) 0.049 0.049 0.043

‘
CCP- .-
I I
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Resolution (nm) (J.) 151 104 98 I c L R
della Maggiora & Yakimovich et al., 2024, ICLR
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CVDM: Diffusion Schedule can be learned directly

from the data
« Schedule can be different for different parts of the image, which allows us to obtain

uncertainty quantification

Sample mean Sample standard

deviation
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Bringing Algorithms to Clinics with DL in UTI neJdr

HELMHOLTZ ZENTRUM
DRESDEN ROSSENDORF

Nat. Rev. Urol.2010
« UTls are among the most common bacterial infections worldwide
* 1in 3 women will have at least 1 UTI by 24 years of age
* 40-50% of women will experience one UTI during their lifetime
* 44% experiencing recurrences
* Rate of emergency admissions due to UTI has almost doubled to
60/100,000 in the last five years.
* In 2012/13 unplanned admissions for UTIs cost £432 million per year.
« Leading cause of sepsis

Clinical Microscopy
of Urine Samples

™

Adrian
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Trina De
Barrier: Objects in urine are translucent! Dr. Harry Horsley

e - — CASUS
‘ D R @ CENTER FOR ADWANCED
re SYSTEMS UNDERSTANDING



Light passing through the Specimen Changes its Phase

f} f& fé fi Af
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Light passing through the Specimen Changes its Phase
fT f1 f2 f2 Af

- 4 VAV 4 %Y
AN

Source

« Software (data from multiple Z-planes):

* The phase shift can be captured by

Hardware: Transport-of-Intensity Equation (TIE):
- i ol ‘
Phase-Contrast Microscopy k (z,y,2) _ Vi [I(:c,y; DV ey 0(:0: )
Quantitative Phase Imaging (QPI) 0z

where (x,y) are spatial coordinates, z is the defocus

distance, k is a wave number (2m/4), @ - phase;
I e - I S

S
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Quantitative Phase can be Retrieved from Chromatic Aberrations

fi fi f2 f2 Af US TIE "ZMD )
< 4 < > < > < > <
S i . . -
SOUree 7 detector

Estimated Phase

Given that z and A can be connected
as éand x,y as x TIE can be
reformulated as:
oI (x;

(s8) _ Vs [1(x;€) Vxp(x; )]

—27 O€
Solution can be obtained using CVDM
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Quantitative Phase can be Retrieved from Chromatic Aberrations

©
o

lvancement of
Artificial Intelligence
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Take-home Messages I:

The transformation from widefield microscopy to SRM can be formulated as an inverse problem and
solved using generative deep learning with SRM as GT.

Diffusion models achieve state-of-the-art performance on this task.

Their performance can be further improved by incorporating a physical model of image acquisition into the
loss function.

One of the trickiest hyperparameters in diffusion models — the noise schedule - can be learned from the
data directly.

As a side benefit, this parameter can provide uncertainty of the model on a per-pixel basis.

Phase can be captured by combining generative Al and a simple RGB camera, allowing rapid application
in clinics.

V5
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Recent Al Model Research has been Dominated by Scale

1000
= GPT-3 (175B)
“Eﬁ 100 F Turing-NLG (17.2B)  ~_ A
S 2 40 | MegatroniM(838) -
8.2 T5(11B)
e ~——GPT-2 (1.5B)
%‘-" 01 Lo - BERT-L (340M)
E “ELMo (94M)

0.01 ' '

2018 2019 2020 2021

source: nvidia.com
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Inverse Problems can also be Addressed by Regression

Convolliiion noise We can approximate
f ™~ N
Widefield GT Pseudo-differentiable operator

Inverse convolution becomes:
—1
A '~ (KTK +¢eI) K"

Next, we could use Beylkin, Coifman, and Rokhlin (BCR) Representation to
perform wavelet decomposition:

A+ () (Dg) Dg) ) (W(z))f \
Multi-level decomposition: \ ‘
| I:'I:i'-. I|| I|i| A [ — band matrices with
~|| || \ _:______ values in green lines E\o\a\’
. T ~ Li & Yakimovich et al., ECCV 2024

— ) |
VS
H ‘ s »’ CENTER FOR ADVANCED
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BCR Decomposition can be Approximated by NN

a SCB:ConvZzD SCB:Convi1D Conv2D Conv2D

Fan et al. 2019 have shown that . (wh,alpha)  (wh,alphat) (w,h,alpha2) (wh, Ch)
' / I Concatenate '\
conv|2, 2p, 2](£) o (m .
can replace the multiplication with (W( )) |
The multiplication with the matrix of A(1)
can approximated with local convolution operators o = € :/ H
input feature feature output
LC[Q nb 1} (&-) layer map 1 map 2 layer
? ?
K" B~ (K"K +eI)”
The truncation u(L,) can be represented as dense  p. C. d. Concatenate
connection AnNnnn 5 2
Concatenate
Dense? [1,1] (Vo)
SCB = | H H - H B} =
Coni2D  LC2D

~  Conv (w,h,alpha1) (w,h,alpha2)

Conv 2D ‘
\ Regularisation through (W%?SPE,121) Tl
residual structure — hh\[
Sequence Convolution Block Eww

Li & Yakimovich et al., ECCV 2024
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Multi-Stage Residual BCR Net (m-rBCR)

The m-rBCR model reintegrates the input image from other resolutions as posterior for the pseudo-differential operator

B= (K"K +¢eIl)”"
__________________ Concatepate . . ..
fusion1
convz2D !
—>
..Concatenate,/” . ,
| fusion2 | (B.|K].K})
: conv2D ¢
)é >D_>H
K (B 3| ‘i)
ey

Li & Yakimovich et al., ECCV 2024

- — CASUS
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The Lean m-rBCR Performs 2"9 Best with Fraction of Parameters

Model Params. (1) Runtime BioSR(sim.) ImageNet(sim.) W-C(real) dSTORM/(real)

PSNR SSIM PSNR SSIM ~ PSNR SSIM PSNR
RL N/A 0.0835 13.39 0.48 12.74 0.78 N/A N/A N/A
s-tBCR 0.086 (ours) 0.0019 20.28 0.59 20.84 0.83 17.67 0.57 19.55
m-rBCR 0.237 (ours) 0.0036 24.89 0.78 21.41 0.86 23.10 0.70 20.13
CARE 0.333 0.0039 22.15 0.65 18.47 0.74 21.53 0.66 19.62
DnCNN 0.556 0.0056 21.41 0.70 19.70 0.84 19.34 0.63 17.46
Noise2Noise 1.227 0.0068 16.07 0.57 16.24 0.60 15.07 0.57 18.06
MIMO-U-Net 6.807 0.0087 23.95 0.78 22.35 0.88 19.17 0.67 18.91
U-Net 7.780 0.0241 21.89 0.73 19.23 0.75 18.17 0.63 19.62
RCAN 15.334 0.0281 21.71 0.64 19.78 0.91 20.51 0.58 19.26
MPRNet 20.127 0.0173 21.44 0.63 20.12 0.83 21.53 0.55 18.54
DDPM Lo 23.988 1.0968 21.85 0.65 20.22 0.78 22.27 0.73 17.46

ESRGAN 49.841 0.0147 19.82 0.59 18.95 0.76 21.17 0.59 19.93  dmm gy g ’

E\o\o\
Li & Yakimovich et al., ECCV 2024
I I -
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The Lean m-rBCR Performs 2"9 Best with Fraction of Parameters
Widefield L CARE DNCNN ESRGAN MPRNet RCAN

Input

Unet DDPM

srBCR  m-rBCR MIMO-UNet

S
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Take-home Messages lI:

« Smaller Deep Learning models can be competitive while requiring a fraction of compute and training data.

» Microscopy images may require representations different from natural images, so alternative
representations should be explored.

V5
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BioMed Image Analysis: Who has time for data el

annOtation? DRESDEN ROSSENDORF

=
source: vpl.
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Binocular microscopy can turn into a 3D imaging with DL




In-focus Pixels can be Selected using Advanced Microscopy

Widefield Confocal

Objective Pinhole Objective

Point Spread Paifit Point Spread

Function Fuhction Point

@Li & Yakimovich etal., 2024, Sci. Rep.




Lateral change in contrast can be detected with
Autofocus algorithms

(@))
D
Windows size

€

Stride: 128 Stride: 64  Stride: 32

X image (1040, 1392)

Stride: 128 Stride: 64  Stride: 32 &
@Li & Yakimovich et al., 2024, Sci. Rep. RuiL
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Weak-labeling pipeline as a CNN

a. Preprocessing
Focal stack Feature Focus score
Region Blnarlzmg
Scanning PrOJectlng
b. Deep Learning
Input Output
Predict

' 32
64x64 64x64

256x256 256x256

m Conv2D Up-sampling
m Batch Norm.m Max pooling
— Concatenate

@Li & Yakimovich et al., 2024, Sci. Rep.
. |

—
Y
Training ,
32x
128x128 128x128




Weak-labeling pipeline as a CNN

0 1 2 17 18 19
i e ) | . e

Focal
images

In-focus
segmentation

3D

Frontal view Top view Profile view 3D representation

@Li & Yakimovich et al., 2024, Sci. Rep. RuiL




Take-home Messages lII:

* Deep learning is rapidly advancing Life Science research but requires large annotated datasets

« These labels can be used more efficiently using approaches like weak labelling, semi-supervised learning
and self-supervised learning

« Conventional algorithms can be used to produce weakly labelled datasets in microscopy



Molecular labelling as Ground Truth

Single Cells (ROI

Fluorescence
upon Infection

‘Nuclear d'y.e




Deep Learning can be Used to Detect Infected Cells
From Nuclear Signal

High-Content e Infection b i i idati
g : Artificial Neural Network ; . Infection detec?'on valldation L
Imaging Detection Nuclear signal Infection Infection signal
r— — 7 Iy U \ - (Input) |::> Detection (Ground Truth)
// !
| | DNA | ¥ ‘ ; Single cell Population Single cell Population Single cell Population
) Images | ) HAdV-dE3B-GFP A
VY | | | < Infected :
— C:> _— — P e — - 2 !
| E— | | ViResNet | i 4 ‘
| V | | | NP .
\ — — — J _ Nuclei = """ _ y : »

Accuracy =% Precision = TPT?:P Recall =
ViresNet: HAdV | 0.96 0.94
MLP: HAdV 0.81 0.75
ViresNet: HSV 0.95 0.94
MLP: HSV 0.78 0.74

* Deep Residual Networks outperform MLP

Non-Infected

P ¥

. . . ] . ° G |' t' t . .
Andriasyan, Yakimovich et al. iScience 2021 eneralisation across stainings
= e

VS
~=zoR ysnsys
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GFP Signal can be Predicted Directly using Generative
Al or Regression DL (Virtual Staining)

Nuclear Stain HAdV-GFP (GT) Virtual Stain Virtual Stain
(pix2pix) (U-Net)

o | : B &
a) - 1e "B ™

Brightfield HAdV-GFP (GT) Virtual Stain Virtual Stain
(pix2pix) (U-Net)

Wyrzykowska & Yakimovich. BioRxiv 2024




To expand this idea to other viruses and reporters, we
proposed the Virus Infection Reporter V|rtual Stalnlng
BenChmark Brightfield — | VACV-GFP 'i'.-":;'_ Virtual Staifh £ ,“#% | Virtual Stain.§ ,:

(pix2pix) = (U-Net)

Nuclear Stain HSV-GEP Virtual Stain Virtual Stain
» (pix2pix) (U-Net)

£

a>l m D ¥

Nuclear Stain 3 IAV-aNP Virtual Stain Virtual Stain ' Multicti
ulti-titre
(pix2pix) (U-Net)

plate

High-content
microscope

Virtual Stain Virtual Stain
(pix2pix) (U-Net)

Wyrzykowska & Yakimovich. BioRxiv 2024 | ﬁ’cnsus



Take-home Messages IV:

Molecular markers can be efficiently used as Ground Truth

Virus infection can be detected quasi-label-free

™

DR €

1, CASUS
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Addressing Data-hungry Algorithms
with Viruses

ComPUter SCIane Cell BiOIogy Outer membrane  _ @Aciciciuiagy o
J f St n - Own work, CC BY-SA 4.0 = - 7
h(t)t?)es://coerliwpnilons.wikimeodia.org/w/index.php?curid:64810040 + VI ruses el
00000006002 p0002 00O .
T U T U UV AR 2 R U I A
26112:99'2}&21419\11 Core
333333335333 33333
g rYa9y Yy ¢vdd s\ ¢y genome —
55 5855SS 5555855455 entymes <N
b6 bbbobbbobdée bt elb =
T777710TOINT 2R 7T /" Harrison otal. 2004
¥ 3 s ® 8 % P 7 % P T T I E L 8 Vaccinia virus :
$99999%9499%4994499 9
« 220-450%140-260 nm
Modified National Institute of « <50 Cells * Barrel-shaped core
Standards and Technology database « ~100-1000 particles / cell
60,000 training images » Focus on Subcellular Structures
« 10,000 testing images » Facilitate Transfer Learning
I . I




Superior lateral resolution provides an
excellent detection entry point
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Once measured, Intensities can be analyzed in a

linear fashion (binning)
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MNIST can be repurposed for Transfer Learning
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CapsNet architecture allows visualization of
features learned from the dataset
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Take-home Messages V.

Deep learning is rapidly advancing Life Science research

Changes in morphology picked up and summarised by DNN

Discriminators combined with generators can assist discovery within the wild datasets
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