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Computational Super Resolution (CSR)

. \‘ 0CSR aims to gain
\ resolution by recovering
missing high-frequency
, information.

" | oCSRis an ill-posed inverse

/ problem.

Gain >
Resolution - o Deep learning enables
| s capturing strong data-

driven priors.

jl Low Resolution Acquired Image High Resolution Image
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/ °\ Data: BioSR Microtubule, Scale: 1um
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CSR under heavy noise?

N2

Gain

OEnable imaging at low
light (less phototoxicity &
photobleaching).

Oo|mprove temporal
resolution In live-cell
. | imaging.

\."

Resolution : \ — O...
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Stress test

Generative Image
Low Resolution Acquired Image High Resolution Image Restoration
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Traditional Deep Learning (CSR) Method

Neural Network Compute Loss: || f(y) — x| \2

b lterations
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Traditional Deep Learning (CSR) Method

Neural Network

O CNN / attention

o Physics informed
oBayesian

o GAN

O Transformer based

o Frequency based
O...

1
@ Various flavors
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Traditional Deep Learning (CSR) Method

One-Shot Mapping!

Neural Network

O CNN / attention

o Physics informed
oBayesian

o GAN

O Transformer based

o Frequency based
O...

@ Various flavors

Neural Network

Prediction is usually done in a single step
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Perception Distortion Tradeoff (PDT)
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Perception Distortion Tradeoff (PDT)

An model cannot be
optimized for the
best perception and
best distortion at the
same time!

Perception
(Realism)

One-shot models

can be only

Impossible
optimized for one
ﬁ of these axes!

Good Bad

Distortion
(1-Fidelity)

/ '+ *The Perception-Distortion Tradeoff, Blau et al. - CVPR 2018 8
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Perception Distortion Tradeoff (PDT)

High Pixel-wise accuracy
Less perceptive

An model cannot be
optimized for the
best perception and

(Realism) same time!

: One-shot models
Impossible can be only

optimized for one
of these axes!
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Perception Distortion Tradeoff (PDT)

Bad

An model cannot be
optimized for the
best perception and
best distortion at the
same time!

Perception
(Realism) _ _
High perception
at the cost of pixel-accuracy

(GANS)

One-shot models

can be only

Impossible
optimized for one
— of these axes!

Good Bad

Good

Distortion
(1-Fidelity)

/ ' "The Perception-Distortion Tradeoff, Blau et al. - CVPR 2018 10
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Perception Distortion Tradeoff (PDT)
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This work:
Can we get a

Perception
(Realism)

Good PDT?

Good

Bad
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ResMatching

A guided conditional flow matching approach

/ \ 12
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ResMatching

A guided conditional flow matching approach

o0 Based on HazeMatching*: Best PDT in Microscopy Image Dehazing

O lterative: plausible samples, instead of blurry MMSE only

o Posterior Sampling: Access to MMSE, model calibration

o ODE-based Generative Model: Fast! (Fewer NFEs compared to Diffusion)

/ \ *HazeMatching, Ray et al. - CVPR 2026 (Findings) 13
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ResMatching - Training

1
6

E! ‘/V(Oa]) le(X)

1

/ \ HazeMatching, Ray et al. - CVPR 2026 (Findings) 14
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ResMatching - Training

ot [ [ [

1
6

S A (N)
/e
/ ‘' HazeMatching, Ray et al. - CVPR 2026 (Findings) 15
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ResMatching - Training

1
6

E! ‘/V(Oa]) le(X)

1
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ResMatching - Training

N (0.1 ' le(X)

/ \ HazeMatching, Ray et al. - CVPR 2026 (Findings) 17
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ResMatching - Training

Convex Combination Sequence

/e

/ \ HazeMatching, Ray et al. - CVPR 2026 (Findings) 18
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ResMatching - Training

r=0

Convex Combination Sequence

/o 8\

/ \ HazeMatching, Ray et al. - CVPR 2026 (Findings) 19
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ResMatching - Training

=0

2
= | gt X Xpg) — (Ka = X0) ||

/e

'——\ HazeMatching, Ray et al. - CVPR 2026 (Findings) 20
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ResMatching - Iterative Inference

N ||| |||
Vo

1

- Velocity
|8l

/e

'\ HazeMatching, Ray et al. - CVPR 2026 (Findings) 21
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ResMatching - Iterative Inference

ODE Integration (Euler)

— Velocity

/e

! \ HazeMatching, Ray et al. - CVPR 2026 (Findings) 22
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ResMatching - Iterative Inference

T R
- ".\ ve ~", ol o

[

-

HazeMatching, Ray et al. - CVPR 2026 (Findings) 23

X @anirbanray_

ODE Integration (Euler)

Velocity
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ResMatching - Iterative Inference

jl‘;:,'. - *"_: = iy

- : N .(’:ﬂ’ -

1 posterior sample

/e

(——' HazeMatching, Ray et al. - CVPR 2026 (Findings) 24
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ResMatching - Posterior Sampling
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Multiple inference cycles
generates posterior samples
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BioSR Data (heavy Noise)
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Metrics

LPIPS/FID

/ \ 28
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ResMatching Qualitative Results: MT-Noisy

~ (a) Input Frame | (c) Cropped GT. (d) UNet

'PSNR: 21.74

*Roughly calculated

(e) RCAN

0 PSNR: 2181  LPIPS: 0.14 29 2251 | LPIPS: 0.10
111 . -
el
10,

/e
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Quantitative: FID vs PSNR

Bad

Our Goal: Good PDT

Good

Good Bad

! \ 30
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Quantitative: FID vs PSNR

CCP - PSNR vs FID F-actin - PSNR vs FID

1.8-:@ i v
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How well does it handle uncertainty?
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MT vs MT-Noisy: How well does it handle uncertainty?
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MT vs MT-Noisy: How well does it handle uncertainty?

BioSR MT LR Data ResMatching Pred 2.2 — MT - PSNR vs FID
& ' 2.0
" F.
" "'. 1.8 v
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MT vs MT-Noisy: How well does it handle uncertainty?

. . MT - PSNR vs FID
BioSR MT LR Data ResMatching Pred 2.2
m— 2.0-
1.8 \/
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/ \ Synthetic Noise 35




8¢ @anirbanray X @anirbanray _

MT vs MT-Noisy: How well does it handle uncertainty?

UNet
RCAN
ESRGAN
InDI,
InDl,,
LVAE
SIFMo, 010

ResMatching

d

o
o
> o490 %M

MT Data GT

PSNR: 25.41

Additional 34.0 320 k.20 200
! | Synthetic Noise 36
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Model Calibration



L
ResMatching - Model Calibration

K posterior samples

Var(K)
Posterior variance
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ResMatching - Model Calibration

|s the Posterior Variance

Indicative of the Model’s
Prediction Error?

K posterior samples

Var(K)
Posterior variance

/ \ 39
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ResMatching - Model Calibration

Error

a & =
FAEAN Posterior Variance



8¢ @anirbanray

ResMatching - Model Calibration

(a) CCP Data Model Calibration

-®- Scaled Bins
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(c) MT-Noisy Data Model Calibration

1 -#- Scaled Bins

- y:x

00 02 04 06 08 1.0 12 1.4

RMSE

RMSE

(b) F-actin Data Model Calibration
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The models are well calibrated:

Errors scales ~linearly with
posterior variance

trained posterior’s uncertainty
IS In-line with the uncertainty
in the data!

Posterior variance can
potentially be a surrogate

for model’s error when no
Ground Truth is available
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Summary
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Flow Model
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A Cautionary note

/e

/ \ *HazeMatching, Ray et al. - CVPR 2026 (Findings) 49
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A Cautionary note

Manipulation of observable
frequency ranges

46
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A Cautionary note

BT ST e
> NN SR ST s e T q
4 ( - dn S o '.‘-‘0}'./ 0‘1'-'0

Noisy LR Image SR Image

Manipulation of observable
frequency ranges

47
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A Cautionary note

\F‘ .g. vr C-Y "-
_ . ?;.:‘-Q "?" ',4

Noisy LR Image SR Image

Manipulation of observable
frequency ranges

Extrapolation to non-observed
frequency ranges

Extrapolation

48
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A Cautionary note

o CSR is an inverse problem that predicts
extrapolated high frequencies.

O |t is critical for CSR to have the best
possible prior.

o Calibration plots can tell if the learned
prior represents the actual uncertainty
well, but this is an active area of
research.

O Hence, we believe that CSR should be

used with caution only when gains can
justify the uncertainty levels in

Widefield Image |l Confocal Image

Manipulation of observable
frequency ranges

Extrapolation to non-observed predictions.

frequency ranges

Extrapolation

49
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Conclusion

o Flow Matching transforms low-resolution
images to high-resolution images under

Dataset: MTNOISY v ImagelD: Image2 v Mode: m‘ MMSE w Crop Size: = =—— 128

Position: X: 5201 Y: 3741

heavy nOise_ Image Comparison
Input Frame Input Crop Ground Truth GT Crop
o We propose practical way of using GenAl for e ] [ Xf‘? 7 SN,
scientific image restoration (with a s il?i\&\ \ K \
cautionary note). N ‘
| £/ Y
Click and drag Cropped Input Region Full GT Image Cropped GT Region

Predictions

Paper, more results

and interactive tool

A\N

b\

ESRGAN InDl4

Wanna know more?

o Find our poster! =
E{ If | can find a spot
/e
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