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Abstract

Inference-time optimization of diffusion latents enables
powerful control but often degrades the statistical structure
of true Gaussian noise, causing artifacts and reward hack-
ing. To address this, we propose a Gaussianity regularizer
that aligns a sample’s local statistics with a typical Gaus-
sian realization, rather than relying on pointwise likelihood.
We formalize this by computing the KL divergence between
the sample distribution and the Gaussian prior. To make
the divergence computation tractable from a single sample,
we lift each candidate latent into an empirical distribution
induced by its statistics and model it as a pairwise Markov
Random Field. This yields a Bethe—Kikuchi-style regular-
izer with 1D marginal, 2D spatial, and multi-scale terms.
Our results show improved latent optimization stability and
generation quality over prior approaches.

1. Introduction

“What is it like to be a noise?” asked the researcher. The
noise, momentarily interrupted from its otherwise fulfilling
duty of becoming a suspiciously photogenic cat, offered no
reply.! Yet standard image diffusion models crucially de-
pend on such objects: high-dimensional Gaussian samples
serve as a canonical, maximum-entropy starting point, pro-
viding an uninformative prior from which data distributions
can be learned. Given the success of these models, many
recent inference-time methods attempt to repurpose diffu-
sion pipelines for post-hoc objectives such as reward guid-
ance, improved generation quality, and controllable synthe-
sis [4, 19, 21, 38, 44, 57]. A common strategy is to directly
optimize the initial noise latent so that the final denoised
sample better satisfies the desired objective. However, once
this optimization pushes the latent away from the statistical
character of true Gaussian noise, the model is forced to de-
noise samples it was never trained to see, often resulting in
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artifacts, brittle behavior, and reward hacking [13, 57, 69].

This failure mode turns regularization of optimized la-
tents into a balancing act: the sample should preserve
the objective-induced changes while still remaining a valid
noise realization. We therefore formulate this task as a
multi-objective problem: given a modified latent, the goal
is to find a nearby solution that remains faithful to the target
objective while also being Gaussian. Measuring Gaussian-
ity, however, is itself a nontrivial problem. In principle, the
natural measure is the KL divergence Dk, (P || G) between
the unknown data distribution P and the Gaussian prior G.
We refer to computing this quantity as the hard problem of
Gaussianity: it captures exactly what we would like to mea-
sure, yet is unavailable in practice because P is unknown
and cannot be inferred from a single sample.

Our first contribution addresses this intractability by lift-
ing each candidate sample into a distribution induced by
the statistics it carries, shifting the question from whether
a point “belongs” to the Gaussian prior to whether its lo-
cal statistics are consistent with those of a typical Gaussian
draw. Our second contribution is to model the sample as
a pairwise Markov Random Field with local connectivity,
which admits a Bethe—Kikuchi-style approximation of the
KL objective. Finally, because local pairwise models do
not directly constrain longer-range correlations, we apply
the loss across a pyramid of downsampled samples, expos-
ing larger-scale structure at coarser resolutions. Our results
show that this formulation yields a principled and practi-
cal Gaussianity regularizer, improving the stability of latent
optimization and outperforming previous approaches.

2. Related Work

Normality tests. The Gaussian distribution, a maximum-
entropy law under fixed mean and variance, underlies a vast
range of natural and computational processes: from thermal
noise [41] and sensor statistics [43] to latent spaces in gen-
erative models [27]. Understanding whether a given high-
dimensional sample adheres to Gaussian statistics has there-
fore long motivated the development of normality tests.



ious Gaussianity-preserving regularizers, including norm-
aware constraints [4, 13, 50], noise averaging with new
Gaussian samples [59], moment matching on local image
subsets [57], and distributional alignment losses based on
the KL-divergence [14, 19]. Beyond generating images, the
same principle of optimizing noise samples was also ex-
plored in other domains such as human motion [23, 70]
and interaction [49], and music generation [40]; these ex-
amples illustrate the generality of noise-space optimization
as a form of differentiable control across modalities.

Seed selection & noise sampling. While gradient-based
approaches explicitly modify the initial noise through back-
propagation, sampling-based noise optimization/selection
methods [14, 26, 34, 35, 51, 60, 67, 69, 71] explore the
noise space implicitly by evaluating, selecting, or iteratively
resampling candidate seeds. This strategy avoids the risk of
gradient drift away from the Gaussian prior, thereby elimi-
nating the need for explicit Gaussianity regularization; its
main trade-off though is a higher computational expense
Kolmogorov-Smirnov [2], Anderson-Darling [3], Shapiro- and limited precision, since only a very limited subset of
Wilk [55] and Jarque-Bera [22] evaluate one-dimensional the noise space can be explored through sampling. These
Gaussianity by comparing marginal distributions through works often target sampling images with higher aesthetic
CDF alignment, quantile correlation, or moment match- score [14, 63, 67, 71], image-space feature matching [60],
ing. While effective for i.i.d. samples, they assume inde- image-to-image translation [18], sampling of images with
pendence and therefore ignore higher-order or spatial corretare concepts [51], improving inpainting [34, 63], enhanc-
lations, which are central to the structure of diffusion noise. ing compositional generation [30, 36, 37] and improving
Other works such as Gaussianization [10] propose an iter-alignment in video diffusion models [26].
ative dataset transform that alternates between global rota-
tions and marginal cumulative distribution function (CDF)
matching to map an entire distribution into approximately Noise manipulation for diverse applications. Several
independent Gaussian coordinates. Closer to the machingyorks have exploited the exibility of noise design in diffu-
learning community, normality is enforced through distri- sjon models to improve generation quality, structure preser-
butional alignment losses based on the KL-divergence [27]yation, and controllability [7, 8, 47, 61, 66, 68]. Blue noise
or kurtosis [56]. Concurrent to our work, Hwang et al. [21] can be used instead of white noise in diffusion training
proposes a Gaussianity measure based on moment matchingoj: the spatial correlation in blue noise improves gen-
in both the spatial and spectral domain. eration quality over the standard Gaussian-noise baseline.
Similarly, [58] propose an edge-preserving noise schedul-
Gradient-based noise optimization. A growing body of  ing that adds less noise to edge regions and more to smooth
work [1, 4, 9, 11, 13, 19, 38, 46, 57, 59, 62] explores di- regions during training, which results in faster training con-
rect noise optimization, where noise samples of a diffu- vergence. Noise is also important when considering video
sion model are re ned through gradient descent to steerdiffusion models [16, 47]. Noise warping [8] derives a
the generative trajectory without retraining or ne-tuning new transport operator that is able to maintain the intrin-
the model. Differentiable image-space rewards [14, 57] sic properties of the Gaussian noise, and this approach was
such as brightness matching or improving aesthetics canused to solve video inverse problems [12], improve 3D
guide the diffusion path toward novel objectives not con- consistency in score distillation sampling [29, 64], to im-
sidered during training, while non-differentiable rewards prove training [33], controllability [7, 28], and to enforce
[9, 38, 67] address discrete goals like quantity-aware or se-temporal coherency [42] of video diffusion models. Our
mantic consistency. Unconstrained gradient updates fromwork complements these previous approaches by provid-
differentiable rewards quickly drive the optimized noise ing a principled Gaussianity metric and projection frame-
away from the Gaussian prior, destabilizing the generationwork, shedding light on the fundamental properties of high-
process. To mitigate this issue, prior works introduce var- dimensional Gaussian noise samples.

Figure 1. Value and Spatial Entropy Visualization. We show
the 1D and 2D entropy as estimated with KDE for four different
common inputs: image scaled to [-1,1], latent vector, a checker-
board texture, and a Gaussian noise.



Figure 2. Effectiveness of Multilevel Bethe Entropy Regularization. We show the effect of our loss components on the optimized latent
(top), its multiscale 1D/2D densities (middle), and the diffusion-generated image (bottom, A photo of a corgi). With this checkerboard
pattern and learning rate ( = 0:05), we show that matching rst-order statistics alone (using 1D Entropy and 1D Multilevel) cannot
produce high-quality noise. Instead, 2D Entropy is required for spatial correlations. Bethe Correction re nes the KL estimate (improving
low-resolution histograms), and Multilevel supervision further improves projection into the Gaussian distribution when combined with any
con guration. Our loss applies only to the rst three scales (1, 1/2, 1/4); the 1/8 scale is purely for visualization. Though results vary by
input, this demonstrates that all components are essential. Further discussion on hyperparameters and learning rates in Appendix F.

3. Entropy-based Gaussian Regularization DG(X\) = log G(®), which—when combined with an * ;
ss for Ds—corresponds to a maximum a posteriori es-

Stlmator (Appendix A). However, such a choice is funda-
mentally biased toward the mode of the Gaussian distribu-
tion, 0, rather than its high-dimensional typical set. In other
words, it favors pointwise probability instead of the statis-
tical structure of a genuine Gaussian sample. This suggests
that Gaussianity should be formulated as a distributional
aproperty A natural quantity that measures discrepancies
between distributions is the Kullback—Leibler divergence

3.1. From Single Sample to Probability Distribution z P
dx;

With xo 2 RY (i.e. an image from dataset) as an input sam- Di (PkQ) = X P()log ooy q(x)

ple and G = N(0;I) a standard Gaussian distribution, a
generic regularized objective for mapping a sample to its
“closest” Gaussian counterpart can be written as

In our quest to understand the mathematical underpinning
governing the qualia [39] of Gaussian samples, we focus
on the local statistical character of a typical Gaussian real-
ization. In diffusion models, this distinction is crucial: a
latent variable may match a few global moments while still
exhibiting strong spatial structure, making it clearly unlike

sure this notion of Gaussianity from a single sample.

)

which satis es [, (P kQ) 0 and vanishes if and only
if p(x) = q(x) almost everywhere. If Q = G, then
Dk. (P kG) is an ideal measure of Gaussianity.
x?=argmin sDs(Xo;:R)+ ¢ Dc®; (1) We refer to computing Equation (2) for Q = G as the
X hard problem of Gaussianity. This KL divergence is gen-
where Dy measures how close the optimized solution erally intractable in practice, since it requires evaluating all
should remain to the input samplg,and Ds (R) measures possible samples from the underlying data distribution P
how compatible ® is with a Gaussian prior. The weighting (or equivalently, the full expectation under P), while P it-
terms s and g balance these two objectives. self is not necessarily known a priori. In practice, one can
A tempting choice for measuring the compatibility of therefore only try to approximate it. One of our key ideas
a point with the Gaussian prior is the pointwise score is to associate each optimized sample X with an empirical



distribution R induced by statistics extracted from ®, and objective function

to de ne

Dc® =D k. (P kG): (3) DL (Px kG) D| KL PX\;S{(ZZ) kGsaw ) +
Equation (3) captures the main conceptual shift of our Spatial Entropy Term )
method. We no longer ask whether a single point “belongs” Dk Pesw kGsw _;
to a Gaussian distribution. Instead, we ask whether the local ! {Z }

.. . . . Value Entropy Term
statistics carried by that sample are consistent with those of

a typical Gaussian realization. where is a correction term for over-counting, as prescribed
S . by the Bethe approximation to account for nodes (pixels)
3.2. An MRF-based Distributional Prior that are part of multiple pairwise cliques. Detailed deriva-
The remaining question is how to formulatg fom a sin- tions can be found in Appendix B.
gle sample. To circumvent this hard problem of Gaussian-  The two terms in Eq. (5) serve complementary purposes.
ity in Eq. (2), previous regularizers typically either impose The Value Entropy Term (8) measures the relative en-
a heavily restricted family for,P or abandon distribution-  tropy between the 1D empirical distribution of pixel in-
matching entirely in favor of penalizing speci c summary tensities, R  (x), and the 1D target Gaussiands =
statistics. For instance, standard KL regularizers fall into N (0; 1), thereby aligning the marginal value statistics of
the rst category by implicitly assuming a tted isotropic  the sample with those of the Gaussian prior. The Spa-
Gaussian, P = N( x; ZI), which aligns only the rst tial Entropy Term (¥ ) measures the relative entropy be-
two global moments (see Appendix G). In the second cate-tween the 2D joint empirical distribution of adjacent pixel
gory, methods bypass:Ro constrain speci ¢ projections,  pairs, Rs  (X), and the target 2D joint Gaussianda =
such as the norm distribution [4, 13] or low-order spatial and N (0; 1 2). This term is central to capturing typicality, as it
spectral moments [21]. While these are meaningful approx- penalizes local statistical dependencies, which are absentin
imations, they still match selected summaries rather thanan ideal Gaussian eld. Figure 1 illustrates these two quan-
the sample's local joint statistics. tities on representative examples. In practice, minimizing
Our second key insight is that the distributiop €an be the objective in Eqg. (5) requires two further components: a
accurately approximated from a single sample by exploit- differentiable formulation of the relative entropy terms and
ing local statistical structures. Inspired by MRF formula- an ef cient optimization strategy.
tions in classical computer vision [17, 31], we treat the opti- . . . . .
mized sample  as an ergodic spatial process. This ergodic-3-3- Differentiable Relative Entropy Estimation
ity, combined with a local neighborhood system and nite- At the core of our objective function in Eq. (5) is the sum of
order cliques, allows us to turn Eq. (2) into a computable the divergences R. (Px k G) for both the unary (8 ) and
objective. Under a standard pairwise-clique assumption, thepairwise (S ) empirical distributions. We compute each
density function p(x) can then be factorized over the pixel divergence by separating it into its two components:
lattice V as a product of unary (node) and pairwise (edge)

potentials. DkL (Pe kG) =H(P ;Gg I—\(Fj{zxxi . (B)
1 Y Y Cross-Entropy Differential Entropy
Pe(¥)= = i(Xi) i (Xi5%j); 4) _ . o
i2v (i)2E For either empirical distribution, we denote by V =

fvigl, the corresponding set of N d-dimensional vectors

where E is the set of adjacent pixel pairsand jj arethe  gyiracted from the sample % for® , v; 2 R corresponds
potential functions (derived from the statistics ofX), and Z 4 4 pixel value (d = 1), whereas for@, v; 2 R? cor-

is the partition function. o _ responds to an immediate neighboring pair (d = 2). The
Simply using Equation (4) to de ne an objective remains same derivation below applies to both cases.
intractable, since the partition function Z cannot, in gen-

eral, be computed analytically. Fortunately, the same MRF _
structure that makes the problem meaningful also providesCTOSS"ENtropy H(Px;G) = E vp , [logG(v)]. Since
a principled approximation strategy through the Bethe— OUr target distribution G = N(0; k) is analytic, its log-
Kikuchi cluster expansion [5, 25, 65]. This method approx- probability is a simple, differentiable function:
imates the intractable global entropy (and thus the KL di- d 1

. — 2.
vergence) by a sum over the entropies of local clusters— log G(v) = > log(2 ) Ekaz- (7)
in our case, unary and pairwise cligues—and corrects for
their overlaps. Limiting this cluster expansion to nodes and We estimate the cross-entropy using a standard Monte Carlo
edges (the standard Bethe approximation) yields our nal approximation by averaging over the N elements of a sam-



ple as: KL Pix2Pix-Zero ReNO  ReNoise Hwang etal. Ours

1 X 0:4063 2:6374 0:4553  3:0938 0:7148  15:0191
H(Py:G) = log G(v;): (8) 0:0227  0:1207  0:0025 0:2804  0:0075  0:1053

i=1
This term is fully differentiable with respect to the compo-
nents of each .

Table 1. Time/step (ms) for various baselines and our approach.

scheme. Rather than applying the loss in Equation (5) only
Differential Entropy H(P x) = E yp ,[logPe(v)] is at the original resolution, we also evaluate it on progres-
more complex, as,Pis only de ned by the set of samples ~sively downsampled versions of %.
V. To create a differentiable estimate, we rst approximate ~ We construct a pyramid of samples #}_, , where
the continuous densityRv) using Kernel Density Estima- R0 = X denotes the full-resolution sample and each ®
tion (KDE) with a Gaussian kernel K for k > 0 is obtained by downsampling the previous level.
Speci cally, we apply mean pooling over 2 2 blocks and
then rescale the result byn, where n is the number of ag-
PeW) BV = KV ) () gregated pixels, in order to preserve variance. For 2 2
= pooling, Bﬂs corresponds to n = 4 and thus a rescaling
where is the kernel bandwidth, a hyperparameter often set factor of © 4 = 2. Under this variance-preserving trans-
using a heuristic like Scott's rule ( = N=@+4 ) [54], formation, the target distribution at every level remains the
With this differentiable density estimator, we can com- Standard normal G = N(0;1). The KL-based objective of
pute the differential entropy using a Monte Carlo estimate. Equation (6) can be evaluated at each scale, which yields
The log-density logp(y) is evaluated at each sample v the nal objective
from our set and averaged as

Xt
L Lrun®) = kDkL (Pe, kG); (11)
HPx) log(pvi)+) (10) -
i=1 0 1 where  are weights that balance the KL objective across
W N different scales. This multi-level formulation penalizes spa-
- 1 log @i K (vi v+ A; tial oorrelations over progressively larger neighborhoods,
N ., N i=1 making the nal sample ® a more faithful representative of

the Gaussian typical set. In practice, we use three levels

where is a small constant for numerical stability. The com- (L = 3) for all examples in this paper. Figure 2 illustrates
plete expression for [ is the difference between Eq. 8 these statistics across the different resolution levels.
and Eq. 10. This entire formulation is end-to-end differen-
tiable with respect to the original pixel values in ®, which 4. Experiments & Validation
constrtute the.vectorsiv _ _ . 4.1, Ablation Studies

Naively, this formulation requires a pairwise Of)
computation over the N sample vectors (pixels or pixel To assess the contribution of each component, a cumula-
pairs). However, we can achieve linear complexity with- tive ablation study is performed (Figure 2). A structured
out noticeable quality loss by computing pairwise distances checkerboard pattern is used as the input, providing a clear
against a xed set of bins (e.g. 128), which we use in Ta- visual baseline that isolates the effect of each regularization
ble 1. Since this cost is incurred per-sample during opti- term. The formulation is then built progressively by adding
mization, not during large-scale model training, it remains the 1D entropy term, the 2D entropy term, and the Bethe
a viable solution for our target applications. More discus- correction. At each stage, results are shown both with and
sion regarding ef ciency can be found in Appendix E. without the multilevel optimization. Although the impact of
each term depends on the input and hyperparameter choice
(more in Appendix F), this example clearly illustrates how
Our MRF assumption captures only local pairwise depen- the full formulation comes together:
dencies between neighboring pixels in the sample. Conse-
quently, relationships between pixels that are farther apart
are not explicitly constrained by the objective, and long-
range correlations may still persist in X even when local
statistics are well matched to those of G. To address this
limitation and encourage statistical independence across < 2D (Spatial) Entropy begins to break down these lo-
larger spatial scales, we employ a multi-level optimization cal correlations when added at the full scale.

3.4. Multi-Scale Optimization

e 1D (Value) Entropy successfully tames the 1D
marginal histogram (middle rows), matching all rst-
order statistics. However, it fails to address the input's
strong spatial correlations.



Figure 3. Baseline Comparisons. We evaluate baseline methods on optimizing an input latent towards Gaussian noise. The input is a cake
image latent mixed with 50% noise to re ect typical use cases containing both noise and hidden structure. Rows display the input/optimized
latent, multiscale 1D/2D densities, and the nal generated image (A photo of a house). To ensure we isolate the loss function's projection
capability from optimizer-induced stochasticity, we individually tuned the learning rate () for each baseline to a value that both stabilizes
the noise and maximizes output quality. All methods were optimized for 5000 steps to ensure convergence. Our method yields a more
accurate Gaussian noise sample than the baselines, achieving generated image quality similar to perfectly random noise.

» Bethe Correction further re nes the KL estimate, and 5. Applications
we empirically observe that it improves statistical con-

vergence at lower-resolution scales. We demonstrate the effectiveness of our typicality-

preserving objective {y on several downstream tasks that

« Multilevel Scheme, when applied alongside any of rely on constrained optimization in the latent space of dif-
these con gurations, consistently penalizes long-range fusion models. A primary application is reward-guided
correlations, forcing the sample to become statistically 9eneration, where the goal is to nd a noise latent that

ness, prompt-alignment) while still remaining in the Gaus-
4.2. Comparisons with Previous Work sian typical set:
After evaluating the contribution of each component, we x =argmin R®+ L w® (12)
X

benchmark the complete regularizer against several existing

and concurrent methods. In Figure 3, a noisy image latentWithout a robust regularizer, this optimization can easily
more representative of practical use cases is used to visuhack the reward under high learning rates, drifting away
alize the projection produced by each baseline. The com-from the valid noise manifold and producing non-image ar-
parisons include KL Divergence Loss [27], which directly tifacts. Our loss ky (X) effectively prevents this over tting,
minimizes the KL divergence between sample statistics andas shown in the following applications.

the Gaussian distribution; Norm Regularization (ReNO)
[13, 50], based on the negative log-likelihood of the vec-
tor norm; Pix2Pix-Zero [44], which combines pairwise au- We optimize the initial noise latent to maximize a pre-
tocorrelation and KL losses; ReNoise [15], which com- trained Aesthetic Score [53]. As shown both qualitatively
bines autocorrelation with a patch-based KL divergence; and guantitatively in Figure 4 and Table 2, our regularizer
and Hwang et al. [21], a concurrent method that regular- (Ours) constrains the optimization to produce images that
izes the rst and second moments together with the power are more aesthetic and natural. It avoids the over-saturated
spectrum. Figure 3 shows that our full method produces colors and unnatural textures produced by unregularized op-
samples that are statistically and visually more consistenttimization (No Reg.) or weaker regularizers. More details
with random Gaussian noise, yielding better images. can be found in the Appendix D.

5.1. Aesthetic Image Generation



Figure 4. Reward Alignment Image Generation. We show some qualitative comparisons between various regularization techniques
on two reward alignment tasks: aesthetic score optimization (top), brightness minimization (bottom). By better preserving the Gaussian
distribution, our optimized noise generates artifact-free images with neither over-saturated colors nor undesirable splotches.

5.2. Attribute Control Method Aesth.”  CLIP"  HPSv2" ImgRwd"  PickSc. "
Initial 5.440 24.997 0.292 0.822 22.543

Our method can also control simple image attributes. We NoReg. 7975 19682 0209 -0.950 18.595
. - . T . . KL [27] 6.594 22.235 0.255 0.272 19.938

evaluate this capability on brightness minimization [57].  renofi3 6626 2179  0.250 0.188 19.806

The bottom rows of Figure 4 and the results in Table 2 PxePxzerofaa] = 7081 = 20967 0244 o.071 19.454

A A . ) ReNoise [15] 5.806 23.286 0.257 0.248 20.385
show, both qualitatively and quantitatively, that our regu-  Hwangetal.[21] ~ 5863 = 25019 0277 0.729 21.381

. ) : 478 24574 0.2 82 21,62
larizer successfully steers generation toward the desired at-—2"° o478 > —_ 082 o2

tribute. Unlike the unregularized baseline (No Reg.), it does wethod Aesth.” Bright# CLIP" HPSv2" ImgRwd" PickSc. "
so without introducing severe artifacts, effectively keeping it 5418 0504 28039  0.306 1179 23197
filaG H H H No Reg. 3.662 0.021 18.606 0.110 -2.275 17.569
the latent ® within the space of image-producing noise. KL [27] 1064 WOOGSE 19360  0.101 553 18096
ReNO [13] 4.077 0.008 20.370 0.110 -2.119 18.198
H H Pix2Pix-Zero [44] 4.717 0.070 23.041 0.178 -1.579 19.020
5.3. Model-free Image-to-Noise Matching ReNoise [15] 5339 0108 27.080 0240  -0.103  20.788
. . . Hwang etal. [21] 5655  0.228 28.169 0.287 0.925 22.467
Finally, we explore what is perhaps the most surprising con- ours 5768 0270 27.914 0298 1038  22.823

sequence of optimizing Equation (1): image variant gener- . . _ .
ation/inversion without access to the diffusion model itself. Table 2. Aesthetic Image Generation (top) and Brightness Min-
Earlier works have noted that diffusion noise and generated'mlza]f'on_Re‘l"’ard (b‘:“‘f’m) WE')tg F?C?)[%]'_T”rt?]o [](52]' \:VZ usheta f
: . set of animal prompts rom In the Torma pnoto O
images can be strongly correlated in structure [24, 32, 45].7°". ) .

C . I A ph fawh I .
Here we further extend this intuition: given only a target [animal] (top) and A photo of a white [animal] (bottom)
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