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Restoration Tasks (Inverse Problem)

Many plausible solutions Perception-Distortion Tradeoff

(Typical) one-shot restoration approaches Regression-to-Mean Effect (Blurry Structures) [1]
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 We introduce Guided Conditional Flow Matching, an ODE-based iterative method for ill-posed microscopy image restoration that 
successfully restricts the averaging space to navigate the perception-distortion tradeoff for clearer dehazing and super-resolution.
Flow Matching models are especially useful where there is extreme uncertainty in the data such as in the CSR problem.
This improved visual fidelity comes with the inherent challenge of higher computational costs compared to standard one-shot 
inference methods. Future work may optimize for throughput.
Stitching artifacts continues to be a problem and additional method development will be required (a work in progress at JugLab!).

Input Prediction GT

No Unique Solution (ill-posed)! MSE Loss / L2 Loss / Quadratic Error

Background of the Problem

Why it happens and how can we address this issue?

Solution: Guided Conditional Flow Matching — an ODE based iterative restoration approach

HazeMatching: Widefield Image Dehazing [3] ResMatching: CSR under extreme noise [4]

Application to Widefield Image Dehazing and Computational Super-resolution (CSR)

Conclusions References

Restricting Averaging

Can we restrict 

the averaging space?

Evaluating PSNR against LPIPS and FID , HazeMatching finds 
the "sweet spot" that one-shot baselines miss, maximizing 
visual quality (of samples) without sacrificing prediction 
accuracy (in the MMSE).

Results on the Organoids1 dataset: This dataset 
was acquired using a widefield microscope, with 
training pairs consisting of images captured with and 
without the disk

Results on the MT-Noisy dataset: The MT-Noisy dataset consists of Microtubule 
(MT) data from the BioSR dataset [5]. We added additional noise to make the 
problem more challenging.

Evaluating PSNR and MicroMS-SSIM shows that ResMatching 
outperforms baselines in fidelity metrics (of the MMSE), while being 
competitive in the perceptual metrics (of the samples), making 
ResMatching especially powerful under extreme uncertainty.

Calibration plot confirms that the 
model's predicition accuracy can 
be assessed reliably from the 
variance in the posterior samples

Well calibrated model

Paper and 
More Results!

Paper and 
More Results!

Iterative Prediction reduces averaging effect

TL;DR: We replace one-shot averaging 
with iterative inference, producing more 

biologically plausible reconstructions.

Method that is best on 

one axis cannot be the 

best on the other at the

same time! [2]

Training Data Generation Training Scheme Iterative Inference Scheme

(Findings)

Iteratively predicting from less degraded images can be thought of as a step-wise reduction in 

uncertainty thereby restricting averaging!

Training input data is a linear interpolation of noise and clean data Our method iteratively produces crisp structures and allows for posterior sampling

Typical approach makes the prediction smooth
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Organoids1 Data: Model Calibration

Scaled Bins

Unscaled Bins
y= x

(b) Cropped Frame

10 μm 

(a) Input Frame 
1024 x 1024

20 μm 

128 x 128

(c) Cropped GT

PSNR: 29.03 LPIPS: 0.08

(d) Elements

PSNR: 30.09 LPIPS: 0.10

(g) UNet

PSNR: 29.76 LPIPS: 0.10

(e) RCAN

PSNR: 29.54 LPIPS: 0.07

(f) ESRGAN

PSNR: 30.38

LPIPS: 0.07

(h) HazeMatching (ours)

1 μm* 2 μm*

*Roughly calculated

1002 x 1002 128 x 128

(a) Input Frame (b) Cropped Frame (c) Cropped GT

PSNR: 21.74 LPIPS: 0.13

(d) UNet

PSNR: 21.31 LPIPS: 0.14

(e) RCAN

PSNR: 22.29 LPIPS: 0.13

(f) InDI 1

PSNR: 22.51 LPIPS: 0.10

(g) SIFMσ1.0|1.0 (h) ResMatching (ours)

0.0 0.5 1.0
RMV

0.00

0.25

0.50

0.75

1.00

1.25

1.50

R
M

S
E
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   MT-Noisy Data Model Calibration
Scaled

Unscaled
y= x

MT-Noisy Data - PSNR vs MicroMS-SSIM

UNet
RCAN
ESRGAN
InDI
InDI
HVAE
SIFM
RESMATCHING

MT-Noisy Data - LPIPS vs FID
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Organoids1 Data - PSNR vs FID
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Organoids1 Data - PSNR vs LPIPS
Elements
U-Net
InDI
MIMO-UNet
MPRNet
RCAN
ESRGAN
InDI
SIFM
HVAE
SIFM
SIFM
HAZEMATCHING (ours)
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