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Motivation



Di[udion Models: Two Sampler Families

The generalized di[udion update rule bridges deterministic and stochastic regimes via global
scalar schedules [1]:

Xt—1 = y/or—1Xo +1/1— ag—1 — no? €g +no z €))
—_——— ——

denoised mean direction noise
DDIM (7 =0, o2 = 0) DDPM (n =1, o2 =f)
e Deterministic trajectory e Stochastic dynamics
= Fast (few steps), but no error correction < Inject noise every step = corrects errors,
but slow.

Key limitation: o2 is a scalar = identical at every pixel.

Central question
At each pixel and timestep, do we need stochastic correction?
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The Spatial Uniformity Problem

Natural images have heterogeneous geometric structures.
The Conflict:
e Smooth regions are "easy" for the model (high confidence)
— unnecessary noise hurts fidelity.

e Edges/Textures are "hard" for the model (high uncertainty)
— need stochastic exploration to prevent errors.

Takeaway: Applying the exact same noise level to both regions is suboptimal.

Before going there: Why smooth regions are confident and edges uncertain?
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Formalisation: Per-Pixel Geometry

Let pgata b€ the distribution of natural images over RP.

Sample an image x € RP. Perturb a single pixel i by 6 € R:

52
|09 pdata(x +0 ei) = IOg pdata(x) + 0 [vx IOg pdata]i + ? [sz IOg pdata]ii + 0(53)

score at pixel i [H]ii

[H]i = e log pgata(X) € : curvature of log pgata in direction e; € RP.

Confident pixel Indi Cerkent pixel (sky, skin) Ambiguous pixel

[H]i <0 — logp drops [H]ii = 0 — logp nearly (uncertain boundary)

Value tightly constrained unchanged [H]ii = 0 locally convex

by surrounding structure. Many nearby values Current value unstable —

Adding noise hurts. equally plausible. alternatives more likely.
Noise has little e [edt. Adding noise helps.
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What [H]; Tells Us: Three Regimes

Cross-section of log pgata along pixel i, all other pixels fixed (quadratic approximation from

previous slide):
[Hli <0
concave

log p

Xi

At a peak.

Any perturbation decreases log p.

Adding noise hurts.

[H]i =0
flat

log p

Xi

On a plateau.

Perturbation barely affects log p.

Noise has little e [edt.

[Hli =0

convex

log p

At a local minimum.
Any perturbation increases log p.

Adding noise helps. 6/26



From Data Geometry to Denoiser distribution

Key insight: The denoiser inherits the heterogeneous geometry of pgata

Concept: Instead of choosing between DDIM and DDPM globally, what if we could interpolate
them spatially?

e Confident Pixels — Use Deterministic ODE (DDIM-like).

e Uncertain Pixels — Use Stochastic SDE (DDPM-like).

= semi-confident Pixels — Modulate the injecting noise.
The Challenge: How can we characterize the local geometry and uncertainty of the di[udion
process?

To answer this, we turn to information theory to analyze the denoising distribution pg(Xo|Xt).
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Our Answer: SANI

Spatially Adaptive Noise Injection (SANI):

1. Theory: We use the Fisher Information Matrix to quantify per-pixel uncertainty.
2. Method: We design a probabilistic gating function (g¢; € [0, 1]).
3. Result: An inference-time sampling framework that modulates stochasticity pixel-by-pixel.

uniform 7

SANI

&ti € [Oa 1]
per pixel
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Theoretical Analysis



Step 1: Exponential Family Structure

Proposition 1. The denoising distribution p(Xo | X¢) is an exponential family indexed by Xi:

P(Xo | Xt) = h(xo) exp(m(xt, t) “Tlxo) — 1(x:, 1))

V_ _
with natural parameters n = (%xt, —ﬁ) and base measure h(xg) = q(Xo).

Why it matters:

e Posterior mean & covariance are derivatives of log-partition
e Enables Fisher Information Matrix analysis in closed form
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Step 2: FIM-Jacobian-Post. Covariance Correspondence

Proposition 2. Let Xp = E[Xo | X¢] (optimal MMSE denoiser). Then:

760 = 72 3y () =

Covlxo | x]

where Jg, = 3% € RP*P,

Reminderl: FIM is exactly the covariance matrix of the su [cieht statistics.
Reminder2: FIM quantifies how sensitive a distribution is to perturbations in its parameters.
Connection to reconstruction uncertainty:

Tr(Z) o« MSE(xt),

where MSE(xt) := E[||x0 — %ol|? | x¢] = Tr(Cov[xo | x¢]) is the minimum mean squared error of
the optimal denoiser.

Takeaway: Regions with large Fisher Information (high sensitivity) = regions where the model

is uncertain = stochastic correction is most valuable there. 10796



Proof of concept
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Step 3: Per-Pixel Uncertainty via Score Hessian

Re-express the posterior covariance using the score sg ~ Vy, log pt(Xt):

Covlixo | X = =" (lo + (1~ G0 (x)

where Hy = Vy,Sg is the score Hessian.

Extract the diagonal = per-pixel posterior variance:

1— o

Vi 1) = =" (14 (2 — alHeli)

e [H¢]i < 0 (log p¢ concave in direction i) = confident, v; small

e [Hili = 0 (log p: convex in direction i) = uncertain, v; large
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Method: SANI




Probabilistic Gating Function

How can we determine, at each pixel and timestep, whether stochastic correction is needed?
We map coordinate variance v; into a localized gating map g, € [0, 1]°, defined as the
probability that the local denoising error exceeds a tolerance threshold 7.

Definition. The gate at pixel i, timestep t:
Oti = P((Xo,i —Roi)?>1 ’ Xy = Xt)

Proposition 3 (Closed form). Under Gaussian posterior assumption:

Ot,i =2<1_¢< Vi()z;;t)>>

where @ is the standard normal CDF.

Vi>T = 0 — 1 Vi KT = 0t —0

High uncertainty — stochastic exploration High confidence — deterministic updates
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Proof of concept T =0.1
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Proof of concept T =0.01
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Proof of concept T = 0.001
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Proof of concept T = 0.0001
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KL-Optimal Per-Pixel Variance Ceiling

Instead of using spatially uniform heuristic, (y: € {B}, B 1), we derive a per-pixel KL-optimal
variance ceiling %‘?by minimizing the expected KL divergence to the true reverse posterior:

Proposition 4 The KL-optimal per-pixel reverse variance is (following [2]):

Z_ 7 2 _ Voar—1 B
Yi= Bt + Crv Ct = Y———
N~~~ 1 = at
irreducible  mean-error

Interpretation:

« B stochasticity present even with a perfect denoiser

« c?v;: inflates variance where the model’s mean estimate is unreliable
Bounded: f; < 7' < Bi/ax
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SANI update: gate only the exploration

Apply per-pixel KL-optimal variance everywhere but gate only the exploratory term:

2 _ 2 =
25 = Ct Vi + OBt

mean-error correction  gated exploration

Xt—1,i = /ar—1%0,i + /1 — a1 — 22, eq,i + Zy,i Zi.

Coupled by construction. As > ; grows, noise 1 and the direction coef. | (less reliance on
unreliable trajectory)

Regime Condition Reduces to

Confident pixel Ot,i,Vi - 0 DDIM (deterministic)

Uncertain pixel Ot,i —» 1 KL-optimal stochastic (22 = i)
Uniform gate g¢j =7, vi =0 — DDIM's n-interpolation, data-aware
Uniform gate g¢; =1,vi =0 — DDPM
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The SANI sampler

Input: xt ~N(0,1), model [g) gating G, schedule {ax, B}, tolerance 7
fort=T,...,1do

z~N(0,l)ift>1 elsez=0

8- Gollxe, t); Ro = = (xe — VI —ac I

v < diag(Cov[xo | xt]); vi < max(vi,¢)

gt < G(v,7)

= v+eah

X1 Var1%o+V1—ar1 -2 O F S0z
end for

return xo
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Experiments




Tolerance Scale T
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(@) 7=10"* (b) =103 (c) =102 (d) r=10"1

Near-point mass at t=1000 (pure
noise = uniform uncertainty)

gti ~ 0 at the end

Mid-trajectory: broad support over
[0,1]

Increasing 7 slides the
stochastic—deterministic
transition earlier
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Gating Dynamics Over Time

CIFAR-10 (LS) CIFAR-10 (CS) — CelebA6da

LSUN-Bedroom

0.4
0.2
DDIM (g =0)
0.0
1000 750 500 250 0 1000 750 500 250 0 1000 750 500 250 0 1000 750 500 250 0
Timestep t Timestep t Timestep t Timestep t
(@ r=10"3

. Early (t large): g = 1

global stochastic exploration

. Mid: g decreases
. Late (t small): g — 0

(depending on 7)
deterministic refinement

e g; decays monotonically 1—0: stochastic early, deterministic late.
e The band is widest at intermediate t: spatial heterogeneity peaks where the gate

discriminates.
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Gating Maps Reflect Image Geometry

LSUN Bedroom: gating maps g¢; across timesteps: t = 800

g = 1 everywhere
. . = / > t =200 — 100
M “. . a R a i y spatially structured
Nt & 2 flat regions — blue (g = 0)
NEN B | S iy
- _- ! e : t=25

g = 0 (edges only)
(a) t =800 (b) t =200 (c) t =100 (d)t=25 stochasticity only at boundaries

(global uncertainty)

K =50 7 = 0.001. Each subplot: predicted image at timestep t (left), Sobel
magnitude | o]l (center), gating map (right; blue=0, red=1)
Emerges purely from the posterior covariance of the pre-trained score network.
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Gaussian

vs Laplace

LSUN CIFAR10

CelebA64
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Density
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empirical
— Gaussian
— Laplace

empirical
— Gaussian
— Laplace

empirical
— Gaussian
— Laplace

Standardizing the residuals:
Zi=R/yv

Empirical distribution of Z Vs
Gaussian, Laplace

Empirical standardized
residuals:

e Shapely picked at high
noise

e Concentrate toward
N (0, 1) as t decreases
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FID scores across datasets

DDPM DDIM
CELEBA 10 25 50 100 200 10 25 50 100 200
Base, E [3] 36.69 24.46 18.96 14.31 10.48 20.54 13.54 9.33 6.60 4.96
A- [2] 28.99 16.01 11.23 8.08 6.51 15.62 9.22 6.13 4.29 3.46
NPR- [4] 28.37 15.74 10.89 8.23 7.03 1498 8.93 6.04 4.27 3.59
SN- [4] 20.60 12.00 7.88 5.89 5.02 10.20 5.48 3.83 3.04 2.85
OCM- [5] 2155 1271 9.24 6.97 5.92 10.28 5.72 4.42 354 3.17

SANI® (ours) K=10: 17.09 K=25: 8.87 K=50: 556 K=100: 4.64 K=200: 3.04
SANI‘ (ours)  K=10: 16.07 K=25:9.84 K=50: 6.25 K=100: 3.93 K=200: 4.52

CIFAR10 (CS) 10 25 50 100 200 10 25) 50 100 200
Base, 3 [3] 3476 16.18 11.11 8.38 6.66 34.34 16.68 10.48 7.94 6.69
A- [2] 2294 850 550 4.45 4.04 2643 9.96 6.02 4.88 4.92
NPR- [4] 1994 799 531 452 410 2281 9.47 6.04 5.02 5.06
SN- [4] 16.33 6.05 4.17 3.83 372 1790 736 5.16 4.63 4.63
OCM- [5] 1432 554 410 384 3.75 1670 6.71 4.72 4.30 4.54

SANI® (ours) K=10: 17.01 K=25: 7.35 K=50: 4.95 K=100: 3.83 K=200: 4.17

SANI- (ours) K=10: 16.37 K=25: 6.55 K=50: 4.88 K=100: 450 K=200: 3.52
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Conclusion & Future Work




1. Theory: FIM o denoiser Jacobian oc posterior covariance = per-pixel uncertainty from
the score Hessian diagonal
2. Gating: closed-form gt = 2(1 — ®(1/7/Vv;)): tail probability of denoising error
3. SANI update: coupled modulation of noise variance and direction coe [cieht per pixel
e Stochastic correction where the model is uncertain
e Deterministic efficiency where it is confident

4. Results: Consistent FID gains over DDIM and DDPM-family samplers in the low-step
regime

Limitations & future directions:

e Fixed 7 becomes suboptimal (?) at high K KN dynamic tolerance scheduling 7(K)

< Diagonal Hessian approximation ignores inter-pixel correlations — frequency-domain
block-diagonal covariance [6]

= Potential integration with early-stopping for further acceleration [7]

Thank you! Questions? 26726
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Baselines-Datasets

= @ =

Baselines:
DDPM with 02 = 3; and 02 = 3 [3]
DDIM [1]
Analytic-DPM (A-DDPM/DDIM) [2]

NPR DDPM/DDIM [4] (models the noise
prediction residual)

SN-DDPM/DDIM [4] (models the second
moment of the noise)

OCM-DDPM/DDIM [5]

Datasets tested:

Dataset Resolution

CIFAR10 (LS) 32x32
CIFAR10 (CS) 32x32
CelebA 64 x 64
InageNet 64 x 64
LSUN Bedroom 256 x 256
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Tolerance Scale T no log scale

T controls gating ’aggressiveness’ via \/7/v; in the CDF argument.
e 7 <10~* Degenerate

stochastic gt =~ 1,
collapses to DDPM

200 t=1000 = t=480

£=1000 - t=490 =100 W =490

150 t=1000  t=490 80 300
150 —
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|
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(@) r=10"4 (b) r=10-3 (c) r=10"2 (d) r=10"1 confident and uncertain
pixels
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FID scores () across datasets

DDPM DDIM

CELEBA 10 25 50 100 200 10 25 50 100 200
Base, 36.69 24.46 18.96 14.31 10.48 20.54 13.54 9.33 6.60 4.96
A- 28.99 16.01 11.23 8.08 6.51 15.62 9.22 6.13 4.29 3.46
NPR- 28.37 15.74 10.89 8.23 7.03 14.98 8.93 6.04 4.27 3.59
SN- 20.60 12.00 7.88 5.89 5.02 10.20 5.48 3.83 3.04 2.85
OCM- 2155 12.71 9.24 6.97 5.92 10.28 5.72 4.42 3.54 3.17
SANI® (ours) K=10: 17.09 K=25: 8.87 K=50: 5.56 K=100: 4.64 K=200: 3.04
sANIt (ours) K=10: 16.07 K=25: 9.84 K=50: 6.25 K=100: 3.93 K=200: 4.52
CIFAR10 (LS) 10 25 50 100 200 10 25 50 100 200
Base, 44.45 21.83 15.21 10.94 8.23 21.31 10.70 7.74 6.08 5.07
A- 34.26 11.60 7.25 540 4.01 14.00 5.81 4.04 3.55 3.39
13.34 538 3.95 3.53 3.42

SN- 24.06 6.91 4.63 3.67 3.11 12.19 4.28 3.39 3.23 3.22
OCM- 2494 919 595 4.36 3.48 10.66 4.35 3.48 3.27 3.29
sANI® (ours) K=10: 15.27 K=25: 6.64 K=50: 6.50 K=100: 3.82 K=200: 3.99
SANIL (ours) K=10: 17.96 K=25: 8.13 K=50: 5.65 K=100: 4.85 K=200: 5.85
CIFAR10 (CS) 10 25 50 100 200 10 25 50 100 200
Base, 3 34.76 16.18 11.11 8.38 6.66 34.34 16.68 10.48 7.94 6.69
A- 2294 850 550 445 4.04 2643 9.96 6.02 4.88 4.92
NPR- 19.94 7.99 531 452 410 22.81 9.47 6.04 5.02 5.06
SN- 16.33 6.05 4.17 3.83 3.72 1790 7.36 5.16 4.63 4.63
OCM- 14.32 5.54 410 3.84 375 16.70 6.71 4.72 4.30 4.54
sANIC (ours) K=10: 17.01 K=25: 7.35 K=50: 4.95 K=100: 3.83 K=200: 4.17
SANIL (ours) K=10: 16.37 K=25: 6.55 K=50: 4.88 K=100: 4.50 K=200: 3.52
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) across datasets

CIFAR10 (LS)

CelebA 64x64

CIFAR10 (CS)

# timesteps K 10 25 50 100 200 10 25 50 100 200 10 25 50 100 200
DDPM, j 74.95 24,98 12.01 7.08 5.03 33.42 13.09 7.14 4.60 3.45 75.96 24.94 11.96 7.04 4.95
DDPM, B 6.99 6.11 544 486 439 6.67 572 498 431 3.74 651 555 492 441 403
A-DDPM 547 479 4.38 4.07 3.84 4.54 3.89 3.48 3.16 2.92 5.08 4.45 4.09 3.83 3.64
NPR-DDPM 540 4.64 4.25 3.98 3.79 4.46 3.78 3.40 3.11 2.89 5.03 4.33 3.99 3.76 3.59
SN-DDPM 30.79 11.83 7.13 5.24 4.39 18.09 8.05 5.29 4.05 3.40 90.85 19.81 9.72 6.72 5.58
OCM-DDPM  5.32 4.63 4.25 3.97 3.78 4.69 3.86 3.43 3.13 2.90 4.99 4.34 3.99 3.76 3.59
SANI® 5.31 467 4.31 404 3.85 4.67 3.88 3.45 3.15 2.95 3.67 4.39 4.07 3.83 3.66
SANI 534 4.68 4.34 406 3.87 4.71 3.87 3.48 3.15 297 5.04 4.40 4.08 3.82 3.68
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Generated Samples: CelebA
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Generated Samples: LSUN bedroom
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Generated samples: Clfar10 (LS)

(d) K =100 (e) K =200 (f) K = 1000
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Generated samples: Clfar10 (CS)

(d) K =100 ©)

= 200 (f) K = 1000
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Generated samples: ImageNet64

(@ K =10 () K =25 (€) K =50 (d) K =100
7 =0.001 7 =0.001 7 =0.001 7 =0.001 7 =0.001

(f) K =10 (@) K=25 (h) K =50 @) K =100
T=1e—05 T=1e —05 T=1e —05 T=1e —05 T=1e —05
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