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® Challenge the belief that clean data is necessary for supervised
denoising.

® Prove that training on noisy pairs can achieve the same result
as using clean targets.

® Generalize the approach to various tasks: denoising,
super-resolution.

® Emphasize practical value avoid clean data collection.
® Applicable to any noise with zero mean.

® Demonstrates surprising effectiveness across domains.
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e Extend Noise2Noise to a setting where only a single noisy
image is available.

® Create pseudo noisy pairs by downsampling simulate i.i.d.
noise.

® Train a compact network from scratch per image.

® Eliminate the need for large datasets make N2N zero-shot
and image-specific.

® Focus on practical use in low-data or real-world scenarios.
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® Given noisy pairs: y; = x + ny, y» = x + np, where ny, ny are i.i.d.
zero-mean noise.

® Define loss:

['noisy - ]Ex,nl,nz [(fe()’1) - }/2)2]
® Expand:

= Exn,m[(foly1) — (x + ”2))2]

= Eoml(fo(y1) = x)?] = 2By, [(o(y1) — x) 2] + E[13]
® 7ero mean makes middle term zero:
= Euml(fon) — x)°] + 0°
® So:
£noisy = Lelean + o?

® Hence:
arg mein Lnoisy = arg moin Llean



Problem Setup:
® \We want to compute the expected error in Ly norm
minimization.
® \We have corrupted targets {y,-},Nzl instead of clean targets.
e [ is a finite number.
® y; are arbitrary random variables with E{y;} = y;.
Key Idea: The point of least deviation is found at the mean.
Expected Squared Difference: The expected squared difference
between the means across realizations of the noise is:
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Following on from the previous slide:

i N
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Where we have used E(>_y;) = > E(y;) = Ny and basic
properties of variance and covariance.

Simplification (Mutually Uncorrelated Case): If the corruptions
are mutually uncorrelated, then Cov(y;, y;) = 0 for i # j. The
equation simplifies to:

1N 1[1 ¢
mz:Var(yi)z N NZVaf(Yi) (1)
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e What: Efficient, dataset-free image denoising method.
® How: Operates on a single noisy image.

® Requirements: No prior training data or noise information
needed.

e Key Advantage: Uses a lightweight network (~20k params)
— Fast computation (vs. DIP/Self2Self).

® Foundation: Leverages Noise2Noise (N2N) &
Neighbour2Neighbour principles via novel downsampling.
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¢ Challenge: Obtaining N2N pairs (y1, y2) with same noise
distribution is difficult in practice.

® 7ZS-N2N Approach: Generate an approximate N2N pair from
the single input noisy image y.
® Mechanism: A specific downsampling technique creates

D1(y) and Da(y).
Such that:

® Di(y), D2(y) have similar signal from x.
® Di(y), Da(y) have (approximately) independent noise
components from e.
® Training: A small, lightweight network is trained specifically
on this generated pair (D1(y), D2(y)) for each input image y.
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ZS-N2N Method: Image Pair Downsampler

® Input: Noisy image y (Size: H x W x C)

® Output: Two downsampled images Di(y), D2(y) (Size:
H/2 x W/2 x C)

® Process: Channel-wise 2D convolution (stride 2) with fixed
kernels:

® Kernel k; = {0'5 0 } (Averages diagonal pixels)

0 0.5
- Di(y)=y®k

ackdi | arkdy
2 2

agrdy  agkd,

Swarnava Chakraborty, Debanjan Saha, Vipul Tejwani, Omar Muhammad Indian Institute of Science, Bangalore
Noise2Noise and Zero-Shot Noise2Noise 12 / 35



Goals N2N ZS-N2N Experiments Project Progression References Contributions
[e]e]e} 0000 000@00000 0000000000 e]e] 000

ZS-N2N Method: Image Pair Downsampler

® Input: Noisy image y (Size: H x W x C)

® Output: Two downsampled images Di(y), D2(y) (Size:
H/2 x W/2 x C)

® Process: Channel-wise 2D convolution (stride 2) with fixed
kernels: 05

® Kernel ki = { 0
—=Di(y)=y®k

® Kernel kr = {005 065

= Da(y) =y @ ko

005} (Averages diagonal pixels)

} (Averages anti-diagonal pixels)

Ak axbdy
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® Mechanism: Each pixel in Di(y) averages a different pair of
original pixels than the corresponding pixel in Dy(y) within
each 2 x 2 patch.

® Assumption: Requires original noise in y to be pixel-wise
independent and zero-mean.

® Result: Averaging distinct, independent noise samples
preserves independence between the noise components in

D1 (y) and Dg(y).
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® Goal: Train lightweight network fy using the pair

Dl(y)7 D2(y)
e Symmetric Residual Loss (Lyes): Predicts the noise, not the
clean image.

1
Lres = > (||D1 — fy(D1) — Do|f5 + || D2 — fa(D2) — D1||§>

e Symmetric Consistency Loss (Lcons): Regularizer; enforces
scale consistency.

Lane = 5 (101 = fo(D1) = Duly = ) + 1D — (D) — Daly — fu()I3)

e Final Loss: £(0) = Lres(0) + Lcons(0)
Trained via gradient descent (1k-2k iterations).
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e Key ldea: Use a very simple network to prevent overfitting
on the downsized image pair.
® Structure:

® Conv (3x3 kernel) — LeakyRelLU
® Conv (3x3 kernel) — LeakyRelLU
® Conv (1x1 kernel)

¢ Parameters: ~20,000 (significantly fewer than U-Nets etc.)
e No normalization layers, no pooling layers.

® Benefits: Fast training/inference, CPU feasible, avoids
overfitting.
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® Process: Apply the network f; (trained specifically for image
y) to the original noisy image y.

® Mechanism: The network predicts the noise component.
Subtract this predicted noise from the original noisy image.

e Equation:
k=y—1fy)

where X is the clean image estimate.



Sample Image
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® Two architectures: Simple CNN and U-Net (residual network).

® Dataset: 500 training images from ImageNet (256x256), 50
test images (Kodak + BSD300).

e Corruptions: Gaussian noise (25, 50, 75), Poisson noise
(A = 15,20, 25).
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® Models trained with noisy and clean targets (12 model
variants).

e CNN: Batch 32, learning rate 1 x 1073, 50 epochs.

e U-Net: Batch 32, learning rate 1 x 104, 100 epochs, early
stopping, learning rate scheduler.

® images resized and normalized.
e Validation: 15%



PSNR of Test Image vs Epoch
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Figure 1: PSNR vs Epoch for different models
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e ANSC used for Poisson denoising.




Table 1: Average PSNR (dB) of Models Under Different Noise Conditions

Gaussian Noise

Poisson Noise

Model
=25 o = 50 o =15 A=15 A=20 A=25

Noise Level (image) 2045+048 14.88+0.64 12.01+056 16.08+158 1725+£1.62 18.16+1.66
Simple CNN (clean) 28.16+1.98 24.45+222 2224+2.12 2541+250 26.01+2.62 26.50+2.38
N2C (UNet) 27374240 25.05+3.16 24.19+338 2522+286 2636+298 2636+3.00
Simple CNN (noisy) 27.30+1.54 23.60+222 21.34+244 2466+262 2552+262 2598+242
N2N (UNet) 2755+234 2420+288 2254+294 2473+322 2568+294 2641+294
Zero-shot N2N 2840+£278 24214268 21.50+£248 2520+3.16 26.13+£3.02 2678+3.02
BM3D 28.09 £+4.32 2487+445 22884452 - - -
ANSC - - - 22.13+500 2223+506 22.29+5.10




Sample Images
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ZS-N2N evaluated with L = 2, 3, 4 layer networks.
Res/Cons loss ratios: 0.5, 1.0, 2.0, 10.0, oco.
Training: 2000 epochs per configuration, on 10 PNG images.

Evaluation: PSNR averaged over 10 images.
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® | =3: Best performance for Res/Cons > 1.0.
e | =2: Worst, better only when no consistency loss.

® | =4: Good only with low Res/Cons (e.g., 0.5), degrades at
high ratios.
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The results highlight a trade-off between model capacity and the
need for regularization via the consistency loss:

® The L = 3 network strikes an effective balance, confirming the
effectiveness of the model chosen in the original paper.

® The higher-capacity L = 4 network is prone to overfitting the
downsampled noise patterns when the consistency loss
(regularization) is weak. It relies heavily on this regularization
to generalize effectively to the full-resolution image.

® The L = 2 network appears under-capacitated for the task,
and the consistency loss constraint seems to hinder its
performance rather than help it.
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® Qur experiments confirmed the N2N principle, showing that
models trained on noisy pairs can achieve competitive
performance compared to classical methods like BM3D and
ANSC, particularly when appropriate network architectures
like U-Nets are employed.

® |Implemented the ZS-N2N method, demonstrating its
capability to denoise images effectively using only a single
noisy instance.

® The investigation into ZS-N2N hyperparameters revealed that
the 3-layer network configuration (as described in the original
ZS-N2N paper) offers the best overall performance.

® FEstablished an interesting trend between model performance
and loss weights for different network depths.
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® Swarnava: Literature review of N2N, created reports and
slides. Contributed to N2N implementation.

e Debanjan: N2N, N2C and CNN implementation with Vipul,
dataset and experiment report creation. Gaussian noise model
training and BM3D.

¢ Omar Muhammad: Literature review of ZS-N2N,
Implemented the experiment on hyperparameter sensitivity,
created the report and presentation. Presenting with
Swarnava.

® Vipul: N2N, N2C and CNN implementation with Debanjan.
Poisson noise model training and comparison with Anscombe
Image Denoiser.



Thank You!

Questions?
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