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Abstract

Recent work has shown that the generalization ability of image diffusion models
arises from the locality properties of the trained neural network. In particular, when
denoising a particular pixel, the model relies on a limited neighborhood of the
input image around that pixel, which, according to the previous work, is tightly
related to the ability of these models to produce novel images. Since locality is
central to generalization, it is crucial to understand why diffusion models learn
local behavior in the first place, as well as the factors that govern the properties
of locality patterns. In this work, we present evidence that the locality in deep
diffusion models emerges as a statistical property of the image dataset and is
not due to the inductive bias of convolutional neural networks, as suggested in
previous work. Specifically, we demonstrate that an optimal parametric linear
denoiser exhibits similar locality properties to deep neural denoisers. We show,
both theoretically and experimentally, that this locality arises directly from pixel
correlations present in the image datasets. Moreover, locality patterns are drastically
different on specialized datasets, approximating principal components of the data’s
covariance. We use these insights to craft an analytical denoiser that better matches
scores predicted by a deep diffusion model than prior expert-crafted alternatives.
Our key takeaway is that while neural network architectures influence generation
quality, their primary role is to capture locality patterns inherent in the data.

1 Introduction

Denoising diffusion models [8, 27] have achieved state-of-the-art results for generative modeling,
especially for domains involving continuous data distributions such as images, videos, and audio.
They are trained to predict a clean image from one corrupted by varying levels of Gaussian noise.
Analysis of the diffusion model training objective leads to an apparent paradox: The objective
admits a unique, analytical, non-parametric, and closed-form solution that is only a function of the
training dataset. However, this so-called optimal denoiser does not empirically match the outputs
of deep diffusion models and in fact can only produce images in the training set, exhibiting perfect
“memorization” and failing to generate novel images.

Recent work investigates this paradox and proposes changes to the optimal denoiser to close the gap
between theory and practice [12, 19, 25, 26]. Kamb and Ganguli [12] hypothesize that inductive
biases of the neural network architecture—particularly shift equivariance and locality biases of
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convolutional neural networks—prevent the model from converging to the global optimum of the
loss function and thus allow for generalization. Locality here means that during denoising, any pixel
in the denoised output will only be sensitive to a local neighborhood around that pixel in the noisy
input. They demonstrate that adding locality and equivariance constraints to the closed-form optimal
denoiser yields a model that generates images that closely resemble those generated by a simple U-Net
diffusion model. However, their theory has a key limitation: it cannot predict the degree of locality
from first principles. Instead, their method relies on measuring the receptive field of a trained U-Net
diffusion model and estimating a patch size for each diffusion timestep that is then fed as a parameter
to their analytical model. Further, other neural network architectures, such as transformers, can
similarly generate novel images, but they lack either explicit locality or shift-equivariance inductive
biases; even U-Nets generally have a receptive field that covers the complete image.

In this work, we demonstrate that locality in image diffusion models is not a property of the neural
network architecture and instead can be derived directly from the training dataset via simple statistical
analysis. Specifically, we analyze the principal components of the data—in particular, their signal-
to-noise (SNR) ratio—and show that learned sensitivity fields for different architectures closely
approximate projection operators onto principal components with high SNR. On CIFAR10 [16], a
dataset with high self-similarity across pixel locations, a simple locality pattern emerges. However,
on CelebA-HQ [13], a dataset of centered human faces, sensitivities are nonlocal, aligned with
correlations of pixels across, for instance, the eyes. We relate this behavior to the optimal linear
denoiser known as the Wiener filter, establishing a connection to prior work that observed linear
behavior of diffusion models [17, 29]. We provide further evidence that sensitivity fields are learned
to match statistical properties of the training set by showing that we can achieve arbitrary, nonlocal
patterns in a model’s sensitivity field by imperceptibly editing the pixel statistics of the training set.

We rigorously benchmark recent analytical models by how well they match generations by a trained
deep diffusion model. Surprisingly, we find that a simple Wiener filter outperforms all recent analyt-
ical methods based on modifications of the optimal denoiser. Integrating our analytically-derived
sensitivity fields into the model of Kamb and Ganguli [12], however, yields the best-performing
analytical diffusion model to date across multiple datasets, including CIFAR10 [16], AFHQv2 [4],
and CelebA-HQ [13]. This observation provides evidence that capturing pixel correlations across a
dataset plays a major role in the performance of denoising diffusion models.

In summary, our contributions are as follows:

• We demonstrate that local sensitivities in trained image diffusion models are a learned property of
deep diffusion models and not just an inductive bias of the model architecture.

• We analytically derive the spatial sensitivity of an optimal linear filter as a function of the training
data and show empirically that it closely matches that learned by a denoising neural network,
yielding both local and nonlocal sensitivities depending on the training data statistics.

• We establish a quantitative benchmark to measure how well an analytical diffusion model explains
predictions made by a U-Net and demonstrate that, surprisingly, prior optimal denoiser-based
methods are outperformed by a simple optimal linear filter.

• We incorporate our analytically-computed locality into the optimal denoiser-based model proposed
by Kamb and Ganguli [12] and show that it outperforms alternative analytical models while
eliminating a previously heuristically-determined hyperparameter and the need to measure it from
pre-trained neural networks.

2 Preliminaries and Related Work

We discuss preliminaries and related work for our primary line of inquiry, building analytical models
of deep diffusion networks.

Denoising diffusion models. Score-based image generative models [8, 27, 28] learn to reverse the
process of adding Gaussian noise to clean data. During training, we sample a data point x0 from the
training data distribution X , a noise level t from the interval [0, 1], and a Gaussian noise direction
ϵ ∼ N(0, I); a noise schedule αt is chosen such that α0 = 1 and α1 = 0. We then add noise to x0 to
obtain xt =

√
αtx0 +

√
1− αtϵ. The training objective for an image diffusion model f(x, t), also
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known as score-matching, aims to predict x0 given xt:1

min
f

E
x0∼X

ϵ∼N(0,I)
t∼[0,1]

∥∥f(√αt x0 +
√
1− αt ϵ, t

)
− x0

∥∥2
2

(1)

Recent studies explored the generalization capabilities of diffusion models, highlighting the contra-
diction between their theoretical propensity for memorization and their empirical ability to generate
novel samples. Yoon et al. [34] introduce the memorization-generalization dichotomy, positing that
diffusion models generalize when they avoid memorizing training data. Yi et al. [33] formalize
generalization through mutual information metrics, demonstrating that trained diffusion models can
generalize beyond the empirical optimal solutions. Gu et al. [7] further investigate this phenomenon,
revealing that factors such as dataset size and conditioning can influence the extent of memorization
in diffusion models.

Analytical diffusion via the optimal denoiser. Multiple works [5, 14, 23, 25] identify the optimal
denoiser as a promising analytical model for the behavior of deep diffusion models. This optimal
denoiser f̂(x, t) minimizing (1) can be written as a conditional expectation:

f̂(x, t) = E[x0 | xt = x] (2)

When the data distribution is approximated with a finite empirical distribution X = {x(i)
0 }i∈[N ], and

due to the fact that we have an analytic form for density p(xt) = N(
√
αtx0, (1− αt)I), the optimal

denoiser is available in closed-form [5, 14, 23, 25]:

f̂(x, t) =

N∑
i=1

wi(x, t)x
i
0, wi(x, t) = softmax

i

{
− 1

2σ2
t

∥∥∥∥ 1
√
αt

x− xj
0

∥∥∥∥2
}

j∈[N ]

, (3)

where σ2
t = (1 − αt)/αt and softmaxi {aj}j∈[N ] = exp(ai)∑N

j=1 exp(aj)
. This expresses the optimal

denoiser as a kernel-weighted average over the training set, and clarifies the key limitation of the
optimal denoiser as an appropriate model for deep neural networks: as the noise level approaches
zero, the softmax term in effect picks the nearest neighbor in the training set. As a result, the optimal
denoiser will always generate an image in the training set and never generate a novel image.

Improving the optimal denoiser via smoothing. To promote generalization, Scarvelis et al. [25]
propose smoothing the score function to generate novel samples different from the training data.
Niedoba et al. [18] derive an efficient nearest neighbor search to support the implementation of
the analytical score models. Separately, Shah et al.[26] propose smoothing the empirical training
data distribution by adding Gaussian noise to encourage neural network models to generalize in the
small-data regime. Aithal et al. [1] argue that hallucinations in diffusion models happen due to smooth
interpolation between modes of the data distribution. Simply smoothing the score function, however,
leads to pixel-space interpolation between training images and does not explain the high-quality,
sharp novel images observed in practice.

Adding inductive biases to the optimal denoiser. Kadkhodaie et al. [11] observe that the inductive
biases of neural networks align well with the data density, effectively projecting data onto a low-
dimensional basis adapted to the image structure. Based on this insight, Kamb and Ganguli [12] and
Niedoba et al. [19] suggest that the gap between the optimal denoiser and deep diffusion models stems
from the inductive bias of the deep neural network used to approximate the denoiser. Specifically,
they assume that the structure of the convolutional U-Net [24] imposes constraints of locality and/or
shift equivariance on the function f in the score-matching objective eq. (1):

min
f

E
x0∼X,ϵ∼N(0,I),t∼[0,1]

||f(
√
αtx0 +

√
1− αtϵ, t)− x0||22 (4)

s.t. fq(x, t) = fq(Mq
t x, t)∀q ∈ [Q] (locality)

f(g ◦ x, t) = g ◦ f(x, t) ∀g ∈ T (2), (equivariance)

1In practice, often a linear combination of ϵ and x0 is predicted, but these are all equivalent to (1) for the
purposes of deriving an optimal denoiser and for our theoretical analysis. Without loss of generality, through the
rest of the paper, we will assume that all models are trained to predict x0. We provide additional details on the
effects of parametrization in Appendices A.1 and B.4
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where fq is pixel q (out of Q total pixels) of the output, Mq
t is a masking operator for each time-step

t selecting a patch around pixel q, and T (2) is the 2D translation group acting on x ∈ Rn through ◦.
They show that for general Mq

t , the solution for the constrained score-matching objective eq. (4) has
a similar form compared to eq. (3), but with weights specific to each pixel q such that

f̂q(x, t)=
∑
i∈[N ]
g∈T (2)

wq
i,g(x, t)(g ◦ x

i
0)

q, wq
i,g(x, t) = softmax

i,g

{
− 1

2σ2
t

∥∥∥∥Mq
t

(
1

√
αt

x−h ◦ xj
0

)∥∥∥∥2
2

}
j∈[N ]
h∈T (2)

,

(5)

where Mq
t is a binary mask, and we end up again with an isotropic multivariate Gaussian projected

to a subspace defined by the mask. Effectively, this model splits each training image into patches
of size Mt, forgets about their location (equivariance), and denoises each input pixel by taking the
average of the center pixels in the ground truth patches weighted with the distances to them from
the patch centered at q. Kamb and Ganguli [12] obtain patches for each noise level t by iterating
over all possible square binary patches and choosing the one that yields the best correlation with a
trained diffusion model. Niedoba et al. [19] relax the constraint on the shape of the patches and allow
them to be of arbitrary shape but compact and averaged across all pixels. Then they measure the
average sensitivity of a trained U-Net and binarize it to get the masks. Both works fit masks Mq

t to
the empirically-observed locality fields of the trained models and average all the masks for each pixel
q, i.e. Mq

t and Mp
t are identical up to a translation.

Linear denoisers. Recent studies have uncovered that diffusion models exhibit strong linear
behavior. Wang and Vastola [29, 30] provide theoretical and empirical evidence that, at high noise
levels, the learned score functions of well-trained diffusion models closely align with those of linear
models. Linear denoisers are well-studied [2, 20, 31], and one can show that the optimal denoiser
constrained to be linear has the same form as the optimal denoiser on a Gaussian dataset [15].
Li et al. [17] demonstrate that, particularly in the generalization regime and for high levels of
noise diffusion, denoisers approximate the optimal denoiser for a multivariate Gaussian distribution
characterized by the empirical mean and covariance of the dataset.

3 Deriving Denoising Sensitivity from Dataset Statistics

In this section, we explore the relationship between generalization and locality in patch-based optimal
denoisers [12, 19] and link it to the observed linearity of diffusion models [17, 29, 30]. Unlike the
optimal denoiser in eq. (3), trained diffusion models exhibit a “pass-through” behavior, retaining
input information along high signal-to-noise (SNR) ratio data directions. We hypothesize that by
constraining the locality in patch-based optimal denoisers, previous works effectively adopt the
“pass-through” behavior from linear denoisers and thus are capable of producing novel images.

Sampling voids. The optimal denoiser f̂(x, t) is well-defined for all values of x ∈ Rn and
t ∈ (0, 1), but the distribution of (xt, t) that a neural network denoiser is trained on has low-density
regions that will be sparsely sampled throughout the training process. For example, when t → 0
(low noise regime), regions in Rn far away from training data will be undersampled in training the
diffusion model with score-matching objective in eq. (1). This is illustrated in Figure 1 (left), where
the regions of small noise near the test images are not covered with any training samples. We will
refer to the part of Rn × [0, 1] that is not covered by the empirical samples in eq. (1) as sampling void
regions. On one hand, the behavior of the denoiser in those regions is critical for generalization. On
the other hand, the optimal denoiser is not a good model of a trained diffusion model in these regions,
as there were no empirical samples in this part of the space during training. In the next sections, we
will build up intuition on how to reason about the behavior of the trained diffusion models in the
sampling void regions.

“Pass-through” denoisers. When the optimal denoiser in eq. (3) is presented with a test image
outside of the training dataset and the amount of noise is small, the softmax becomes more selective,
and the optimal denoiser will predict x0 to be the closest image in the dataset (see Figure 1, middle).
This behavior prevents generalization, as any novel image will be “teleported” to its closest neighbor
in the training dataset as σt → 0.
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Figure 1: Left: We visualize the distribution of xt for two training data points x(1)
0 and x

(2)
0 as high-probability-

density “cones”, as a function of spatial dimension x and noise level t. Note how for a new testing point x(test)
0

there exists noise level t′ such that noised versions of x(test)
t′ are outside of any of the training “cones” and thus the

behavior of the denoiser there is undefined. Middle: We take CIFAR10 test images (top) and add noise ϵt′ (2nd
row). With a single denoising step, a trained diffusion model fθ “passes through” most of the coarse structure
of the input image, and thus the output image is visually similar to the input (3rd row). Optimal denoiser f∗

instead “teleports” the image to the closest data point in the training dataset (4th row). Right: We compare MSE
error of single-step denoising of fθ (U-Net) and f∗ (Optimal). At low noise levels, fθ removes noise from x

(test)
t′

but f∗ predicts a different image from x
(test)
0 . At high noise levels, the outputs of fθ and f∗ are similar.

Inspired by the observations in Figure 1, we develop an intuition about “pass-through” properties
of denoisers. For small noise levels, a lot of information in the image is not destroyed by the added
noise. It is natural to assume that a “good” denoiser, unlike the optimal denoiser, will retain this
information in its estimation of x0. Which part of xt is not affected by a small amount of noise?
Informally, for natural images, low frequencies “survive” after adding small amounts of noise. We
formalize this intuition by observing that 1) adding noise preserves the higher principal components
of data, and 2) these principal components correspond to low-frequency features in natural images.

The principal components of the data come from the eigendecomposition of the covariance matrix
Cov(X) = Udiag(λ2

1, λ
2
2, . . . λ

2
N )UT , where U is a matrix of the eigenvectors and λ2

i are eigenvalues.
The noise’s covariance matrix σ2

t I is also isotropic in this basis, so that the signal-to-noise ratio
(SNR) along the i-th principal component is λ2

i /σ
2
t . It is well-known in classical image processing

literature [10] that for natural images, this eigenbasis approximates the Fourier basis, and thus
the highest variance components (equiv. high SNR) correspond to low-frequency features. Thus,
intuitively, the “pass-through” projection resembles a low-pass filter. Generally, however, it is not the
case, and for more specific datasets, the “pass-through” projection is not just a low-pass filter. For
instance, as we will show in Section 4, for datasets such as centered and normalized human faces
(i.e., Celeba-HQ/FFHQ), the eigen-basis is very different from a Fourier basis, and thus the locality
patterns observed in trained denoisers are not translation equivariant, nor isotropic.

Connection to Gaussian data and linear denoiser. The intuition in the previous paragraphs was
built on an assumption that the dataset is well-described with a single covariance matrix (assuming
Gaussian data distribution). In this case, one can craft a simple denoiser by just projecting the input
noise images to their high-SNR principal components:

Wt =
1

√
αt

Udiag
(

λ2
i

λ2
i + σ2

t

)
UT . (6)

This denoiser, optimal under a Gaussian dataset assumption x0 ∼ N(0,Σ) [15], is known as the
Wiener filter [31]. At the same time, the Wiener filter is also the optimal linear denoiser minimizing
eq. (1) under a linear constraint f(xt) = Atxt [31]. As we can see from eq. (6), it projects its input to
the data’s principal components, shrinks these projections according to their SNR, and projects them
back to the data space. As reported in multiple previous works [17, 29], trained diffusion models
exhibit linear behavior and can be surprisingly well-approximated with a Wiener filter. Later in this
work, we extend these observations and demonstrate that the Wiener filter performs on par with or
better than existing patch-based analytical denoisers [12, 18].

Locality and sensitivity. So far, we built up the intuition that a “good” denoiser should “pass-
through” high-SNR components of the input in the sampling void regions—parts of space where
optimal denoiser analysis is no longer effective, but critical for generalization. According to [12, 19],
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locality of the denoisers’ sensitivity fields plays a crucial role for its generalization. But how does it
relate to the “pass-through” intuition above?

To show the relationship, we return to the notion of locality. By locality, we mean a limited, typically
compact sensitivity field of a neural network. Formally, the sensitivity field of a denoiser f(x, t)
is its input–output Jacobian Sf (x, t) = ∂f(x, t)/∂x. Kamb and Ganguli [12] approximate learned
locality patterns in diffusion models with square patches, assuming them to be compact, roughly
isotropic, and constant with respect to both the output pixel position and the input image. As we will
demonstrate in Section 4, none of these assumptions is universal, and while they are reasonable for
diverse datasets of natural images, the sensitivities of neural diffusers on more specialized datasets
can violate any of the assumptions above.

For our analysis, we retain the assumption of independence of the model’s sensitivity field with
respect to the input image x and lift all other assumptions, allowing locality patterns to take arbitrary
shapes and depend on the output pixel. Under the assumption that the sensitivity Sf (x, t) is constant
w.r.t. x, the denoiser is linear in x and takes the form f(x, t) = At x + Bt, where At is the sensitivity
and Bt is a bias term. Recall that a solution to eq. (1) under a linear constraint is the Wiener filter and
thus At = Wt and Bt = 0 assuming the dataset is centered. For each individual output pixel q, the
sensitivity takes the form:

Sq
f (x, t) = W q

t =
1

√
αt

[
Udiag

(
SNRi

SNRi + 1

)
UT

]q
where SNRi =

λ2
i

σ2
t

. (7)

In other words, with the assumption that locality patterns are shared for all input images, the sensitivity
of the denoiser is identical to the high-SNR projection operator to the principal components of the
covariance matrix. A key observation about the form of eq. (7) is that as σt → 0 the signal-to-noise
ratio for each component SNRi → inf and thus Sq

f (x, t) → 1q, the indicator function at pixel q; i.e.
the sensitivity field of the locally linear denoiser shrinks with smaller noise levels.

Under the local linearity assumption, the exact shape of those sensitivity fields is a function of the data
and not of the model’s architecture. In the subsequent sections, we empirically show that different
architectures of denoising diffusion models learn sensitivity fields similar to those of linear denoisers,
effectively approximating the projection operator to the high-SNR data’s principal components.

Recall that previous work [12, 19] adopts the learned sensitivity fields from the trained diffusion
networks, which play a crucial role in their generalization. As we reveal the connection of the
sensitivity field to the local data statistics, we obtain valuable insights into the performance of the
analytical models, especially for specialized datasets, where the data’s principal components are far
from being local and equivariant.

4 Validation

In this section, we perform extensive validation to support our claims. As the main backbone for a
diffusion model, we use the DDPM U-Net [8] with removed self-attention to follow the protocol
of [12]. As we show in Appendix B.2, removing the self-attention does not drastically affect
performance, and our insights are valid for both architectures.

We begin by showing that different neural network architectures learn similar sensitivity fields, which
in turn match projection operators to high-SNR principal components, or equivalently, the Wiener
filter. We continue by demonstrating that the learned sensitivity fields are a property of the dataset
and thus by manipulating the statistics of the data, we can force the diffusion model’s sensitivity to
take any shape, including being nonlocal for low noise levels.

Finally, to support our claim that the locality properties of trained diffusion models come from
data statistics, we suggest a simple modification to previous patch-based analytical models [12, 19].
Instead of measuring locality from trained diffusion models, we limit the analytical model to only
use high-SNR principal components. We benchmark this modification on five datasets and show that
while being more interpretable, this algorithm also explains trained diffusion models better than other
baselines. Additionally, we ablate our model and present comparisons in Appendix B.1.

Locality pattern is shared across architectures. We compare the locality patterns throughout the
denoising process across architectures (U-Net [8] and diffusion transformer (DiT) [21]) trained on
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Figure 2: Comparison of sensitivity fields of deep denoisers and the projection operators to high-SNR
data’s components (i.e. the Wiener filter) on CIFAR-10 dataset. Sensitivity is measured at the center
pixel w.r.t. x0 prediction and throughout a 1000-step DDIM denoising process. Each image is
averaged across 32 samples and normalized to [0,1].

the CIFAR10 dataset. Although there is architectural bias for locality in U-Nets due to convolutional
layers, the self-attention layers in DiTs are global in scope, where every patch can attend to any
other patch. Nevertheless, Figure 2 shows that U-Nets and DiTs share similar sensitivity fields.
Surprisingly, these fields are similar to the shapes of high-SNR projector operators, i.e., the sensitivity
of a Wiener filter. This provides evidence that the main reason for the diffusion models to exhibit
locality properties is the correlation of the pixels between the images in the dataset. Our observation
is that although the neural network architectural choices are important to accurately capture data
statistics, they are not the main cause of locality patterns in diffusion models.

Learned sensitivity fields are not always equivariant. As we saw in the previous experiment, the
sensitivity fields learned by diffusion models are similar across architectures and align with the data’s
principal components. In Figure 2, these fields appear roughly isotropic and equivariant—meaning
the sensitivity sq(x) has the same shape for each pixel q, up to translation. This form of sensitivity is
well-captured by the square-shaped patches in [12].

Figure 3: Average sensitivity fields of a
trained DDPM on the CelebA-HQ dataset.
The top row corresponds to an output pixel
located near the left eye; the bottom row cor-
responds to an output pixel near the image
center. Left to right: different noise levels
corresponding to t of 600, 400, 200.

This behavior arises due to the high correlation among
neighboring pixels and the translation equivariance inher-
ent in the CIFAR10 dataset, which consists of diverse
natural images.

However, for more specialized datasets, the principal
components—and consequently the learned sensitivity
fields—take on drastically different shapes. In particular,
CelebA-HQ is a dataset of uniformly-scaled and centered
human faces. The lack of translation equivariance and
the unique pixel correlation patterns result in structured,
location-dependent sensitivity fields.

In Figure 3, we observe the complex structure that arises
in the sensitivity fields of a diffusion model trained on
CelebA-HQ. Notably, the pattern of sensitivity is now
highly dependent on the pixel’s location. This experiment
highlights the need for more flexible representations of
sensitivity fields, especially for specialized datasets, than
those in prior work.

Manipulating the sensitivity field. We show that by editing the dataset’s statistics, we can manipu-
late the sensitivity fields of neural denoisers and make them take on any shape. With this manipulation,
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U-Net-based denoisers can learn sensitivity fields that are not local, thus suggesting that the locality
properties of learned denoisers emerge from dataset statistics.

In our experiment on CIFAR-10, we generate a modified dataset:

x̂0 = x0 + γcs, c ∼ Uniform([−1, 1]3),

where x0 ∈ Rd is a training image, s ∈ {0, 1}d is a fixed binary mask in the shape of the letter “W”,
and c ∈ R3 is a random RGB vector (single color per image) with γ > 0 controlling signal strength.
Note that this transformation does not change the first-order moments of the data as E[γcs] = 0.

With this, we train a new DDPM U-Net from scratch on the modified CIFAR10 dataset and then study
its sensitivity fields. Let λw be the variance of the perturbation. We choose γ so that λw ≈ σt⋆ for
some intermediate t⋆, i.e., the variance of the added signal matches the variance of the noise. As we
can see2 from Figure 4, the “W”-shaped sensitivity field emerges for all t where σt ≪ λw. Crucially,
this demonstrates that any desired pattern can be induced in the sensitivity of a trained neural network
by embedding the pattern into the data covariance.

.5

.1

950 800 650 500 350 200 50

Figure 4: We slightly manipulate pixels’ correlations across the CIFAR-10 dataset such that a desired pattern
emerges in the sensitivity of a trained diffusion model. In particular, a DDPM diffusion model trained on the
CIFAR-10 dataset (sample on the top left) has a coarse-to-fine sensitivity field (top row, noise level decreases
from left to right). For each image in the dataset, we edit pixel correlations by adding the desired pattern with
random color and weights γ = 0.1 (middle row) and γ = 0.5 (bottom row). DDPM models trained on those
manipulated datasets exhibit the pattern in their sensitivity fields. We underscore the time-steps for which
SNRW > 0.1, i.e. λ2

W > 0.1σ2
t . This supports our claim that the locality in diffusion models arises not from

the inductive bias (i.e. usage of convolutional layers) but from the data statistics.

Our model. Previous work uses rectangular binary masks fitted to the sensitivity fields of trained
denoisers. In this paper, we demonstrated that the sensitivity fields of the trained denoisers emerge
from the data covariance. We consider constant sensitivity fields, i.e., Aq

t is not a function of x. If the
sensitivity field is constant, the denoiser is linear, and we know that the optimal linear denoiser is
the Wiener filter. Using this intuition, we consider a generalized notion of locality and show that the
locality property is equivalent to a subspace projection, which can be written as an orthogonal change
of basis followed by a masking operator. We provide a detailed derivation in Appendix A.3.

Replacing the measured sensitivity field as in [12, 19] with the projection operator to high-SNR
components (sensitivity of the optimal linear denoiser) performs on par with or better than the
patch-based optimal denoisers. More formally, we suggest using the following analytical model:

f̂(x, t) =

N∑
i=1

wi(x, t)x
i
0, wq

i (x) = softmax
i

{
− 1

2σ2
t

∥∥∥∥Ŵ q
t

(
1

√
αt

x− xj
0

)∥∥∥∥2
2

}
j∈[N ]

, (8)

where Ŵ q
t is a q-th row of the Wiener matrix binarized with a threshold τ = 0.02 (we are using

τ = 0.02 relative to the max value in the row unless stated otherwise). For MNIST and Fashion
2To aid visualization, we apply the square root to the sensitivity field and plot it with “turbo” color map. In

the rest of the paper, the color map is applied to the raw signal.

8



CelebA-HQ

N
N

2
N

N
1

O
ur

s
K

am
b 

D
at

as
et

W
ie

ne
r


AFHQv2 MNIST FashionMNISTCIFAR10

Figure 5: Qualitative comparison. In this figure, we compare our analytical model (3rd row) with multiple
baselines: Wiener filter (4th row), Kamb and Ganguli [12] analytical model (5th row). All images are generated
with the same initial noise sample with 10 steps of DDIM [27]. In the top row, we provide the results of
generation with two trained neural networks, NN1 and NN2 – both are instances of the same DDPM U-Net [8],
but trained with different seeds. The distance in Table 1 is measured with respect to NN1. In the last row we
provide the nearest image from the dataset for our final generation w.r.t. L2 distance.

MNIST we use τ = 0.005. We provide a detailed derivation of this formula and the ablation of τ in
Appendices A.2 and B.1. Key differences of our model compared to [12] and [19] are:

1. Enhanced interpretability. Instead of fitting patch sizes and/or shapes to trained models, we
obtain them analytically from dataset statistics.

2. No equivariance. While prior work claims equivariance as an important property of diffusion
models [12, 18], we instead find that introducing the translation group integral to Equation (8)
does not improve performance but increases inference time.

3. Locality specific to each pixel in the image. Unlike prior work, we do not enforce the shape of
the patches to be shared across all pixels of the image, instead relying on the dataset’s statistics.
This is particularly important for datasets with nonlocal covariances, such as datasets of faces.

Our model is nonlinear and does not assume that the dataset is Gaussian. Rather, it approximates
only the locality fields with the second-order statistics of the dataset. We benchmark our analytical
model by measuring the r2-coefficient of determination and mean-squared error (MSE) between the
predictions of the analytical model and a trained DDPM [8] given the same starting noise.

For comparison, we chose five datasets with diverse sets of statistics: CIFAR10 [16], a dataset of
diverse 32× 32 natural images; CelebA-HQ [13] and AFHQv2 [3], datasets of centered faces and
animals in 64 × 64; and MNIST [6] and FashionMNIST [32], datasets of binary centered images
in 28 × 28 resolution. We compare against the vanilla optimal denoiser in eq. (3), the Wiener
filter [31], and the patch-based optimal denoising algorithm by Kamb and Ganguli [12]. Additionally,
to capture the variance in signal-to-noise mapping of diffusion models, we compare with another
trained diffusion model with the same architecture and dataset, but with different weight initialization.

Table 1 and Figure 5 show that our analytical model outperforms all of the baselines, with the
Wiener filter being almost always in second place. Kamb and Ganguli’s model qualitatively performs
worse on CelebA-HQ due to patch-based locality erasing eyes and blurring out facial features, while
other models using dataset-dependent locality retain these features. This experiment confirms our
hypothesis that the modeling of correct locality in the analytical models is key to explaining trained
diffusion models and that those localities come from the dataset statistics. We provide additional
quantitative results for AFHQv2 and Fashion-MNIST in Appendix B.7.
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Table 1: We provide a quantitative comparison that measures how well each analytical model explains
the trained image diffusion models. All metrics are averaged over 128 samples. Best results are
highlighted in green and second best in maroon.

CIFAR10 CelebA-HQ MNIST

Method r2 ↑ MSE↓ r2 ↑ MSE↓ r2 ↑ MSE↓
Optimal -0.549±0.774 0.191±0.044 0.400±0.298 0.101±0.023 0.187±0.204 0.231±0.036

Wiener (linear) 0.408±0.092 0.032±0.004 0.818±0.039 0.031±0.004 0.469±0.066 0.161±0.014
Kamb [12] 0.303±0.126 0.065±0.017 0.831±0.073 0.028±0.005 0.402±0.092 0.188±0.039
Ours 0.589±0.078 0.028±0.008 0.902±0.032 0.016±0.006 0.491±0.051 0.153±0.015

Another DDPM 0.852±0.113 0.023±0.002 0.981±0.007 0.004±0.001 0.969±0.082 0.007±0.019

5 Conclusion, Limitations, and Future Work

In this work, we demonstrated that locality in diffusion models emerges from dataset statistics rather
than architectural inductive biases. Through theoretical analysis and empirical validation, we showed
that both U-Nets and Transformers learn sensitivity fields that closely align with projections onto
high-SNR principal components of the training data. This intuition links the behavior of the diffusion
models to linear denoisers, or equivalently, the Wiener filter. Using our theoretical insights, we
show that by editing the dataset’s statistics, we are able to manipulate the sensitivity fields of trained
diffusion models and can make them take arbitrary shapes, including highly nonlocal ones. Finally,
our analytical model, based on dataset statistics, outperforms previous approaches in approximating
trained diffusion models across multiple datasets.

This work addresses a critical gap in understanding how diffusion models generalize rather than
memorize, highlighting the “pass-through” behavior where high-SNR components are preserved.
Limitations of our approach include a focus on simpler architectures and reliance on second-order
statistics, while deep diffusion networks can capture higher-order statistics of the data. In particular,
we are making a strong assumption that the locality fields are constant with respect to the input
images. Studying non-linear regimes of the neural diffusers can deepen our understanding of the
mechanisms of image generation. Future work on complex architectures, higher-order statistics, and
conditional generation has the potential to further explain the theory-practice gap in diffusion models.
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A Derivations and proofs

In this section, we provide detailed derivations and proofs for the background and the claims made in
the paper.

A.1 Optimal denoiser: derivation, equivalence of ϵ and x0 parametrization

We begin by defining the optimal denoiser for the x0 parameterization we use in the paper.

Definition A.1. The optimal denoiser f̂(x, t) for a data distribution X at a particular noise level t is
the minimizer of the loss function

min
f

E
x0∼X

ϵ∼N(0,I)

∥∥f(√αtx0 +
√
1− αtϵ, t)− x0

∥∥2
2

(9)

Recall that σ2
t = 1−αt

αt
.

Proposition A.2. When X =
{
xi
0

}
i∈[N ]

is a finite empirical distribution, the optimal denoiser

f̂(x, t) has the following analytical expression:

f̂(x, t) =
∑
i

xi
0 softmax

i

{
− 1

2σ2
t

∥∥∥∥ x
√
αt

− xj
0

∥∥∥∥2
}
. (10)

Proof. We first write down the objective (9) in terms of the random variable x =
√
αtx0+

√
1− αtϵ:

E
x0∼X

ϵ∼N(0,I)

[∥∥f(√αtx0 +
√
1− αtϵ, t)− x0

∥∥2
2

]
= E

x0∼X
x∼N(

√
αtx0,(1−αt)I)

∥f(x, t)− x0∥22

=

∫
E

x0∼X

[(√
2π(1− αt)

)−n

exp

(
−
∥∥∥∥x0 −

x
√
αt

∥∥∥∥2 /2σ2
t

)
∥f(x, t)− x0∥22

]
dx

We then minimize the integral coordinate-wise for each x to get the optimal f(x, t):

0 = E
x0∼X

[
exp

(
−
∥∥∥∥x0 −

x
√
αt

∥∥∥∥2 /2σ2
t

)
(f̂(x, t)− x0)

]

f̂(x, t) =

∑
i x

i
0 exp(−

∥∥∥ x√
αt

− xi
0

∥∥∥2 /2σ2
t )∑

j exp(−
∥∥∥ x√

αt
− xj

0

∥∥∥2 /2σ2
t )

.

Using the definition of softmaxi {aj}j∈[N ] =
exp(ai)∑N

j=1 exp(aj)
, we get (10).

Definition A.3. The optimal denoiser ϵ̂(z, t) for a data distribution X at a particular noise level t is
the minimizer of the loss function

min
f

E
x0∼X

ϵ∼N(0,I)

∥∥f(√αtx0 +
√
1− αtϵ, t)− ϵ

∥∥2
2

(11)

Proposition A.4. When X =
{
xi
0

}
i∈[N ]

is a finite empirical distribution, the optimal denoiser for

the ϵ-parameterization ϵ̂(x, t) can be written in terms of that of the x-parameterization f̂(x, t):

ϵ̂(x, t) =
x−√

αtf̂(x, t)√
1− αt

(12)
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Proof. We follow the same proof as Proposition A.2, with the main difference being the following
step:

E
x0∼X

ϵ∼N(0,I)

[∥∥f(√αtx0 +
√
1− αtϵ, t)− ϵ

∥∥2
2

]

= E
x0∼X

x∼N(
√
αtx0,(1−αt)I)

∥∥∥∥f(x, t)− x−√
αtx0√

1− αt

∥∥∥∥2
2

.

Remark A.5. Another way to prove Proposition A.2 and Proposition A.4 is to show that the optimal
solutions are of the form E[x0 | x] and E[ϵ | x], where x ∼ N(

√
αtx0, (1− αt)I). Then it becomes

clear that the two expressions are linearly related to each other.

A.2 Patch-based optimal denoiser: formal derivation

We now turn to the patch-based denoiser, incorporating both locality and equivariance constraints
into the optimal denoising problem as suggested in [12], repeating the derivations in the notations of
this manuscript. Let X = {xi

0}Ni=1 be a finite empirical distribution of images, and let

Mq
t : Rd×d → Rd×d

denote the operator that masks out a p× p patch centered at pixel q, setting the rest of the pixels to 0.

As suggested in [12], we impose two constraints on each patch-wise function fq:

1. Locality:
fq(x, t) = fq

(
Mq

t x, t
)
.

2. Equivariance: For every 2D translation g ∈ T (2),

f
(
g ◦ x, t

)
= g ◦ f(x, t), =⇒ fq

(
g ◦ x, t

)
= fg−1q(x, t),

i.e. denoising commutes with the action of T (2) and relocates patches accordingly.

Definition A.6. The patch-based optimal denoiser f̂(x, t) for a data distribution X at a particular
noise level t is the minimizer of the loss function

min
f

E
x0∼X, ϵ∼N(0,I), t∼[0,1]

∥∥f(√αt x0 +
√
1− αt ϵ, t

)
− x0

∥∥2
2

s.t. fq(x, t) = fq
(
Mq

t x, t
)
, q = 1, . . . , Q, (locality)

f
(
g ◦ x, t

)
= g ◦ f(x, t), ∀ g ∈ T (2). (equivariance)

(13)

Proposition A.7 (Patch-based optimal denoiser). Under the empirical distribution X = {xi
0}Ni=1,

the minimizer {f̂q} of eq. (13) is given, for each patch location q, by

f̂q(x, t) =
∑
i

∑
g∈T (2)

(
g ◦ xi

0

)q
softmax

i

(
− 1

2σ2
t

∥∥∥∥Mq
t

(
x

√
αt

− g ◦ xi
0

)∥∥∥∥2
)
, (14)

and the full-image denoiser is obtained by reconstructing the final image from the pixels above.

Proof of Patch-based optimal denoiser. We prove this result in three steps: (1) decomposition into
per-pixel optimization, (2) equivalence of equivariance constraint and data augmentation, and (3)
derivation of the local form.

Step 1: Decomposition into per-pixel optimization. Let Pq : Rd×d → R denote the operator that
extracts pixel q from an image, and define H =

∑Q
q=1 PqP

T
q where PT

q places a scalar value at pixel
q and zeros elsewhere. Since pixels are disjoint, PiP

T
j = 0 for i ̸= j, making {PqP

T
q } orthogonal

projections with
∑Q

q=1 PqP
T
q = I .
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By orthogonality of pixel projections:

∥f(x)− x0∥22 =

∥∥∥∥∥
Q∑

q=1

PqP
T
q (f(x)− x0)

∥∥∥∥∥
2

2

=

Q∑
q=1

∥Pqf(x)− Pqx0∥22

=

Q∑
q=1

|fq(x)− xq
0|2

Therefore, the original minimization problem decomposes as:

min
f

Ex0∼X,ϵ∼N(0,I)∥f(
√
αtx0 +

√
1− αtϵ)− x0∥22

=

Q∑
q=1

min
fq

Ex0∼X,ϵ∼N(0,I)

[
fq(

√
αtx0 +

√
1− αtϵ)− xq

0

]2
Each pixel can be optimized independently.

Step 2: Equivariance constraint equals data augmentation. For the q-th pixel problem with
equivariance constraint:

minfq Ex0∼X,ϵ∼N(0,I)

[
fq(

√
αtx0 +

√
1− αtϵ)− xq

0

]2
s.t. fq(g ◦ x) = (g ◦ f(x))q ∀g ∈ T (2)

(15)

The equivariance constraint implies that for any translation g: fq(g ◦ x) = fg−1q(x)

Now consider the data-augmented problem:

min
fq

Ex0∼X,ϵ∼N(0,I)Eg∼T (2)

[
fq(g ◦ (

√
αtx0 +

√
1− αtϵ))− (g ◦ x0)

q
]2

(16)

We want to prove that (15) is equivalent to (16). To do so, we first show that the optimal solution of
(15) does not change with data-augmentation, then show that the optimal solution of (16) satisfies the
equivariance constraint.

Constrained optima invariant under data-augmentation Let x =
√
αtx0 +

√
1− αtϵ. Since

translation commutes with noise addition and (g ◦ x0)
q = xg−1q

0 , (15) under data-augmentation
becomes:

min
fq

Ex0∼X,ϵ∼N(0,I)Eg∼T (2)

[
fq(g ◦ x)− xg−1q

0

]2
s.t. fq(g ◦ x) = (g ◦ f(x))q ∀g ∈ T (2)

If fq satisfies the equivariance constraint, then fq(g ◦ x) = fg−1q(x), so:

argmin
fq

Ex0∼X,ϵ∼N(0,I),g∼T (2)

(
fq(g ◦ x)− xg−1q

0

)2
= argmin

fq

Ex0,ϵ,g

(
fg−1q(x)− xg−1q

0

)2
= argmin

fq

Ex0,ϵ

Q∑
r=1

(fr(x)− xr
0)

2

= argmin
fq

Ex0,ϵ (f
q(x)− xq

0)
2
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Data-augmented optima is equivariant We can solve the data-augmented problem (16) and check
that its optimal solution f̂q is equivariant under the transformation x → h ◦ x, for any h ∈ T (2):

f̂q(h ◦ x) =
N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥ 1
√
αt

h ◦ x− g ◦ xi
0

∥∥∥∥2
}

=

N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥ x
√
αt

− h−1 ◦ g ◦ xi
0

∥∥∥∥2
}

=

N∑
i=1

∑
g′∈T (2)

(h ◦ g′ ◦ xi
0)

q · softmaxi,g′

{
− 1

2σ2
t

∥∥∥∥ x
√
αt

− g′ ◦ xi
0

∥∥∥∥2
}

= (h ◦ f(x))q,

where g′ = h−1 ◦ g.

Step 3: Local form derivation. From the data augmentation equivalence, the optimal denoiser for
pixel q minimizes:

Ex0∼X,ϵ∼N(0,I)Eg∼T (2)

[
fq(

√
αt(g ◦ x0) +

√
1− αtϵ)− (g ◦ x0)

q
]2

Let x =
√
αtg ◦ x0 +

√
1− αtϵ. Writing the objective as an integral over x, we get:∫

Ex0∼X,g∼T (2) (2π(1− αt))
−d

exp

(
−
∥∥∥∥g ◦ x0 −

x
√
αt

∥∥∥∥2 /2σ2
t

)
(fq(x)− (g ◦ x0)

q)
2
dx

With the locality constraint fq(x) = fq(Mq
t x), we can “integrate out” the coordinates of x that are

masked out by Mq
t (as fq does not depend on them), to get:∫

Ex0∼X,g∼T (2) (2π(1− αt))
−p

exp

(
−
∥∥∥∥Mq

t (g ◦ x0 −
x

√
αt

)

∥∥∥∥2 /2σ2
t

)
(fq(Mq

t x)− (g ◦ x0)
q)

2
d(Mq

t x)

Solving for the optimal f̂q , we get:

0 = E
x0∼X
g∼T (2)
ϵ∼N(0,I)

exp

(
−
∥ 1√

αt
Mq

t x−Mq
t (g ◦ x0)∥2

2σ2
t

)
(fq(Mq

t x)− (g ◦ x0)
q)

Rearranging:

f̂q(Mq
t x) =

∑N
i=1

∑
g∈T (2)(g ◦ xi

0)
q exp

(
−∥ 1√

αt
Mq

t x−Mq
t (g ◦ xi

0)∥2/2σ2
t

)
∑N

j=1

∑
h∈T (2) exp

(
−∥ 1√

αt
Mq

t x−Mq
t (h ◦ xj

0)∥2/2σ2
t

)
Using the softmax notation:

f̂q(x, t) =

N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥ 1
√
αt

Mq
t x−Mq

t (g ◦ xi
0)

∥∥∥∥2
}

This completes the proof.

A.3 Ours: why do we binarize the sensitivity field

In this section, we provide justification for our algorithm provided in the main paper. In particular,
we formally justify why it makes sense to binarize the sensitivity fields into a mask of zeros and ones.

At first, we generalize the patch-based optimal denoiser by relaxing the locality constraint. Instead of
restricting to patch extraction operators Mq

t , we consider linear operators Aq
t : Rd×d → Rd×d that

can capture more complex spatial relationships.
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Definition A.8 (Generalized masked optimal denoiser). The generalized masked optimal denoiser
f̂(x, t) for a data distribution X at noise level t is the minimizer of:

min
f

E
x0∼X, ϵ∼N(0,I)

∥∥f(√αt x0 +
√
1− αt ϵ, t

)
− x0

∥∥2
2

(17)

s.t. fq(x, t) = fq
(
Aq

tx, t
)
, q = 1, . . . , Q, (generalized locality)

f
(
g ◦ x, t

)
= g ◦ f(x, t), ∀ g ∈ T (2) (equivariance)

where Aq
t : Rd×d → Rd×d is a linear operator.

Note that when Aq
t is invertible, fq is effectively unconstrained (i.e. there is no locality). On the

other hand, when Aq
t = 0, fq does not depend on x. The following result interpolates between these

two extreme cases, showing that the optimal denoiser depends only on the row-space Aq
t .

Proposition A.9 (Generalized masked optimal denoiser). Following the decomposition and data
augmentation equivalence from the previous section, the optimal denoiser for pixel q under the
generalized locality constraint is:

f̂q(x, t) =
N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥P q
t

(
1

√
αt

x− g ◦ xi
0

)∥∥∥∥2
}

(18)

where P q
t = (Aq

t )
T
(
Aq

t (A
q
t )

T
)†

Aq
t is the orthogonal projection matrix onto the row space of Aq

t .

Proof. The objective (17) can be written as∫
E

x0,g
(2π(1− αt))

−d
exp

(
−
∥∥∥∥g ◦ x0 −

1
√
αt

x

∥∥∥∥2 /2σ2
t

)
(fq(x)− (g ◦ x0)

q)
2
dx.

We use SVD to write Aq
t = UTΛV , and notice that P q

t = V Λ†V T , where Λ† is a diagonal matrix
with 0 or 1 diagonal entries depending if the corresponding diagonal entry of Λ is nonzero. Then we
impose the constraint fq(x) = fq(Aq

tx) and perform a change of variables y = V x.∫
E

x0,g
(2π(1− αt))

−d
exp

(
−
∥∥∥∥g ◦ x0 −

1
√
αt

x

∥∥∥∥2 /2σ2
t

)
(fq(Aq

tx)− (g ◦ x0)
q)

2
dx

=

∫
E

x0,g
(2π(1− αt))

−d
exp

(
−
∥∥∥∥V (g ◦ x0)−

1
√
αt

y

∥∥∥∥2 /2σ2
t

)
(fq(Λy)− (g ◦ x0)

q)
2
dy,

where we have absorbed U into fq as it is an invertible matrix. Next, we integrate out the coordinates
of y corresponding to the zero-values in Λ, and absorb non-zero entries of Λ into fq , to get∫

E
x0,g

(2π(1− αt))
−d

exp

(
−

∥∥∥∥∥Λ†
(
V (g ◦ x0)−

1
√
αt

y

)2

/2σ2
t

∥∥∥∥∥
)(

fq(Λ†y)− (g ◦ x0)
q
)2

dy.

We then solve for the optimal f̂q(y) and change variables to get f̂q(x):

f̂q(y, t) =

N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥ 1
√
αt

Λ† (y − V (g ◦ xi
0)
)∥∥∥∥2
}

f̂q(x, t) =

N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥ 1
√
αt

Λ†V
(
x− g ◦ xi

0

)∥∥∥∥2
}

=

N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥P q
t

(
1

√
αt

x− g ◦ xi
0

)∥∥∥∥2
}
.

18



Corollary A.9.1 (Diagonal operators and mask binarization). When Aq
t = diag(aqi ) is further

constrained to be diagonal matrix with entries aqi , the optimal denoiser simplifies to:

f̂q(x, t) =

N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥Bq ⊙
(

1
√
αt

x− g ◦ xi
0

)∥∥∥∥2
}

(19)

where Bq is the binary mask with Bq
i = 1 if aqi ̸= 0 and Bq

i = 0 otherwise, and ⊙ denotes
element-wise multiplication.

Proof. We begin with the generalized optimal denoiser from equation (18) and substitute the diagonal
operator Aq

t = diag(aq1, a
q
2, . . . , a

q
Q). Then P q

t = (Aq
t )

T
(
Aq

t (A
q
t )

T
)†

Aq
t = Bq. We get a binary

mask because oefficients aqj cancel out completely when aqj ̸= 0. The actual values of non-zero aqj
do not affect the optimal denoiser—only whether aqj = 0 or aqj ̸= 0 matters. Then we can apply
Proposition A.9 to get

f̂q(x, t) =

N∑
i=1

∑
g∈T (2)

(g ◦ xi
0)

q · softmaxi,g

{
− 1

2σ2
t

∥∥∥∥Bq ⊙
(

1
√
αt

x− g ◦ xi
0

)∥∥∥∥2
}

This completes the proof, showing that the optimal denoiser depends only on the binary support of
the diagonal operator, not on the specific non-zero values.

Connection to patch-based denoiser: When aqj = 0, the corresponding pixel j is effectively
removed from the optimization, as it contributes zero to the distance metric. This is precisely the
locality constraint from the patch-based denoiser: pixels outside the patch (where aqj = 0) do not
influence the denoising of pixel q.

Remark A.10 (Justification for binary masks). In summary, we showed in Proposition A.9 that the
only interesting generalized locality matrices are binary masks. In particular, when the masking
operator Aq

t has a diagonal structure, the specific values of the non-zero entries cancel out in the
softmax computation. This means that:

1. The optimal denoiser depends only on the pixels that are included in the mask (the support), not
their relative weights.

2. Binary masks {0, 1} are as expressive as any diagonal weighting scheme for this optimization
problem.

3. This theoretical result justifies our practical choice of binary masks in the main paper, as more
complex weighting provides no additional benefit for the optimal denoiser.

A.4 “Pass-through” denoisers: detailed analysis of SNR

In this section, we provide a detailed analysis of the signal-to-noise ratio in the principal components
of the data, extending section “Pass-through” denoisers in the main paper. Let’s consider the data
matrix X = [x1

0x
2
0 . . . x

N
0 ] ∈ Rd×N . Doing singular value decomposition, and assuming N ≥ d

we get X = Udiag(λ1, λ2, . . . λd)V
T , where λi are sorted in the descending order of their absolute

values. Covariance of the dataset, assuming that the mean of the dataset is zero:

Σ =
1

N
XXT =

1

N
Udiag(λ2

1, λ
2
2, . . . λ

2
d)U

T ,

where U are the principal components of the data and λ2
i /N is the variance of the data along those

components. We can now compute the signal-to-noise ratio along each of the principal components
of the data:
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SNRi =
Ex0∼X

[(
UT
i

√
αtx0

)2]
Eϵ∼N (0,I)

[(
UT
i

√
1− αtϵ

)2]
=

αt · UT
i ΣUi

(1− αt) · UT
i Ui

=
αt · λ2

i /N

1− αt

=
λ2
i

Nσ2
t

When λ2
i ≫ Nσ2

t , the intrinsic data variance is much larger than the relative noise level, and the
signal was not “destroyed” by noise. Note, the analysis above does not have to be performed on the
entire dataset, but rather on the most relevant set of neighbors to the image that is currently being
denoised. In that case, the high SNR projections will be more precise and specific to each particular
image as long as SVD is well defined. Due to computation constraints and to keep the analysis simple
from now on we will assume that the covariance matrix is computed on the entire dataset.

A.5 Manipulating the sensitivity field: variance of the perturbation

In this section, we provide the derivation for the variance of the added perturbation λW in the section
“Manipulating the sensitivity field” of the main paper. Denote by v = γcs the signal vector; then the
empirical covariance of the modified data is

Σmod = E[x̂0x̂
T
0 ]

= E[(x0 + γcs)(x0 + γcs)T ]

= E[x0x
T
0 ] + γ E[x0s

T cT ] + γ E[csTxT
0 ] + γ2 E[cssT cT ]

= Σorig + γ2 E[ccT ]ssT

= Σorig + γ2 1

3
I3 ⊗ ssT ,

where we used E[x0] = 0, E[c] = 0, and for c ∼ Uniform([−1, 1]3), we have E[ccT ] = 1
3I . For the

noisy observations x̂t =
√
αtx̂0 +

√
1− αtϵ, the covariance becomes:

Σt
mod = E[x̂tx̂

T
t ]

= αt E[x̂0x̂
T
0 ] + (1− αt)I

= αtΣmod + (1− αt)I

= αtΣorig + αtγ
2 1

3
I3 ⊗ ssT + (1− αt)I.

Assuming the RGB perturbation affects each color channel independently and focusing on a single
channel, the second term contributes a rank-1 perturbation with eigenvalue λ2

W = αtγ
2∥s∥2/3.

By the Wiener filter analysis of Section 3, the learned sensitivity along the new "W" principal
component is

sw(t) =
λ2
W

λ2
W + (1− αt)

=
αtγ

2∥s∥2/3
αtγ2∥s∥2/3 + (1− αt)

=
αtγ

2∥s∥2

αtγ2∥s∥2 + 3(1− αt)

=
γ2∥s∥2

γ2∥s∥2 + 3σ2
,

where (1− αt) is the noise variance at timestep t.
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B Additional Experiments and Ablation

B.1 Ablation of our model

The analytical model proposed in this paper has a single hyperparameter: τ – the threshold of the
sensitivity field binarization. In Appendix A.3 we formally justify binarization of the sensitivity
fields for our analytical model. Here, we demonstrate the effect of choosing different binarization
thresholds. In particular, from Figure 6 we can see that higher threshold values (i.e., smaller patch
sizes) correspond to a sharper, but “patchier”. On the other side, small threshold values (i.e., bigger
patch sizes) cause the generated image to be over-smoothed. We report the r2 and MSE metrics of
correlation with the trained diffusion model for different threshold values in Table 2.

Table 2: Comparison of r2 and MSE metrics across datasets for different binarization threshold
values. Best values are highlighted in bold.

Threshold CIFAR10 CelebA-HQ MNIST Fashion MNIST

r2 ↑ MSE↓ r2 ↑ MSE↓ r2 ↑ MSE↓ r2 ↑ MSE↓
0.005 0.396 0.059 0.786 0.038 0.492 0.151 0.563 0.115
0.010 0.520 0.046 0.865 0.023 0.441 0.165 0.517 0.122
0.020 0.672 0.031 0.897 0.017 0.418 0.176 0.406 0.144
0.050 0.773 0.021 0.894 0.017 0.214 0.255 0.072 0.211
0.070 0.771 0.022 0.879 0.020 0.214 0.255 -0.192 0.264
0.100 0.737 0.026 0.852 0.024 0.214 0.255 -0.407 0.311
0.150 0.641 0.036 0.799 0.033 0.214 0.255 -0.209 0.270

0.005 0.01 0.02 0.05 0.07 0.1 0.15

Figure 6: Ablation of the binarization threshold τ .

B.2 Self-attention layers in denoising U-Nets

Across our experiments, we are using a trained DDPM model with removed self-attention (SA) layers
following [12]. In this section, we demonstrate that removing the self-attention layer brings the FID
score to 6.04 from 4.12 with SA. Qualitatively, the generated images look similar with and without
SA, and thus our analysis in the main paper can be extended to U-Nets with SA layers.

In particular, we train a U-Net without self-attention and compare it with a baseline U-Net trained
with self-attention. Using the gradient-estimation sampler from [22], we report the FID scores for
both models, and in Figure 7, we compare sample results.
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DDPM w/o SA (FID 6.04) DDPM with SA (FID 4.12)

Figure 7: Samples from trained DDPM U-Nets without (left) and with (right) self-attention layers.
The initial random noise is the same for both sets of images.

B.3 Low rank projection of the covariance matrix

In this section, we study whether projecting the covariance matrix to a lower rank can help eliminate
the high-frequency artifacts observed in the Wiener Filter in Figure 5.

First, on Figure 8, we analyze the singular values of the covariance matrices for each of the datasets.
We observe that most of the total energy is contained in the first 200 singular values for all datasets,
leaving a long tail of low-energy principal components.
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Figure 8: Analysis of the absolute values of the singular values in the covariance matrices across
different datasets. Left: across the full set of the singular values. Right: across the first 100 singular
values.

Next, we zero out the smallest singular values of the covariance matrix based on different thresholds
of total energy. Both for Ours and for the Wiener filter, we measure the difference between predictions
of the analytic models and a trained DDPM model, as done in the paper. The results are averaged
across 16 generations and presented in Table 3 below. Qualitative results are presented in Figure 9. A
0% SVD Energy Cutoff corresponds to using the full-rank covariance matrix.

For the Wiener filter, low-rank approximation leads to visually smoother outputs; however, it reduces
the correlation with outputs from trained diffusion models. Our algorithm does not benefit from
using a low-rank projection of the covariance matrix and still demonstrates higher correlation than
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Table 3: Comparison of our method vs Wiener filter across different SVD energy cut-off thresholds.
Results show R² scores (the higher the better) for each dataset and energy cut-off combination. Best
R² score for each dataset is shown in bold.

SVD Energy Cutoff 0% 0.01% 0.05% 0.10% 0.50% 1.00% 5.00% 10.00% 20.00% 50.00%
Ours | CIFAR10 0.773 0.501 0.312 0.245 0.176 0.176 0.192 0.194 0.200 -0.248
Ours | CELEBA HQ 0.897 0.759 0.702 0.695 0.685 0.668 0.652 0.650 0.607 0.607
Ours | MNIST 0.492 0.197 0.156 0.158 0.351 0.341 0.361 0.384 0.389 0.368
Wiener | CIFAR10 0.674 0.677 0.661 0.649 0.538 0.460 0.223 0.168 0.127 -0.048
Wiener | CELEBA HQ 0.818 0.817 0.805 0.797 0.766 0.739 0.649 0.625 0.548 0.548
Wiener | MNIST 0.469 0.468 0.468 0.467 0.453 0.445 0.421 0.394 0.353 0.292
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Figure 9: Qualitative comparison between generations of the analytical models when the covariance
matrix is projected to a lower rank corresponding to different energy cut-off thresholds.

the Wiener filter. This indicates that low-rank structure alone does not account for the performance of
learned denoisers. We believe this result further supports the distinctiveness and relevance of our
proposed model.

B.4 How to reproduce the reported sensitivity fields

In this section, we provide the technical details and intuition needed to measure the sensitivity fields
of diffusion models. All the results are reported for CIFAR10 dataset. Recall that the optimization
problem is invariant under the change of variables from the initial image x0 to the noise sample ϵ;
see Appendix A.1 for details. Consequently, one can measure the sensitivity field in either the noise
parameterization, ∂ϵ(x, t)/∂x, or the image parameterization, ∂x0(x, t)/∂x. Although the choice is
merely a theoretical convenience, in practice the model’s behavior is highly sensitive to it.

The top row of Figure 10 shows the sensitivity fields of a DDPM model trained to predict x0

and then re-parameterized with a linear transform to predict ϵ; here we plot ∂ϵ(x, t)/∂x. The
middle row depicts the same model, but the sensitivity is evaluated in the image parameterization,
i.e. ∂x0(x, t)/∂x. As we can see, a simple linear reparameterization applied to the model output
drastically alters the result. These observations are intuitive. From the optimal-denoiser analysis, we
know that, in the high-noise regime, the model predicts an image close to the dataset mean. Thus,
predicting the added noise sample ϵ for each pixel q is almost equivalent to outputting q minus that
mean, so the noise-parameterized sensitivity field appears highly local. Because this visualization is
not very informative, we chose to plot ∂x0(x, t)/∂x throughout the paper, as it captures the actual
structure of the sensitivity field.
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Figure 11 illustrates the effect of training U-Net and DiT models in the two parameterizations. Recall
that xt =

√
αt x0 +

√
1− αt ϵ. For large t where αt → 0, image x0 is ill-defined given ϵ and xt;

conversely, for small t where αt → 1, ϵ is ill-defined given x0 and xt. Hence, while theory predicts
identical results (up to re-parameterization), numerical errors lead to different behavior at low and
high noise levels. The top two rows of Figure 11 show ∂x0(x, t)/∂x for models trained in the noise
parameterization, revealing a pronounced shrinkage of the sensitivity fields in the high-noise regime.
We hypothesize that this is a numerical artifact and therefore plot, in the bottom two rows, the fields
obtained from models trained directly in the image parameterization. For clarity, all DDPM examples
in the main paper are trained in that setting.

Finally, the middle and bottom rows of Figure 10 compare two normalization strategies. In the middle
row, each sensitivity field is normalized independently to [−1, 1]; in the bottom row, the images are
normalized jointly, preserving relative scale. Joint normalization makes the field appear less local
while preserving its overall mass. Throughout the paper, we adopt per-image normalization, as it
more faithfully reflects the binarization assumed in our analytical model.

Summary of visualization choices

• Train the model to predict the image x0 (not the noise ϵ).
• Visualize the sensitivity of the image prediction, i.e. ∂x0(x, t)/∂x.
• Apply per-image normalization.
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Figure 10: Top: sensitivity field of the noise prediction ∂ϵ(x, t)/∂x. Middle: sensitivity field of
the image prediction ∂x0(x, t)/∂x with per-image normalization. Bottom: the same field with joint
normalization across images.

B.5 Sensitivity field of the optimal denoiser

In this section, we provide a visualization of the sensitivity fields of the optimal denoiser on the
CIFAR10 dataset. As shown in Figure 12, the sensitivity of the optimal denoiser closely resembles
that of the trained models only in the high-noise regime. At intermediate noise levels, the sensitivity
field begins to diverge, and in the low-noise regime, it ultimately “explodes”.

B.6 Generation dynamics

Here we provide additional results demonstrating the dynamics of image generation. In Figure 14 we
numerically compare x0 predictions through the generation process.

In Figure 13 we demonstrate how the dynamics of image generation of our analytical model compares
with that one of a trained DDPM model. Note that the trained model produces noisy single-step
predictions for high noise levels (t ≥ 850). We explain this behavior by the fact that the model was
trained to predict ϵ and later re-parametrized to output x0 for the visualization. Since αt → 0 for
high noise level, x0 becomes ill-defined and thus noises the outputs.
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Figure 11: Sensitivity fields ∂x0(x, t)/∂x for U-Net (left) and DiT (right). Top two rows: models
trained to predict noise ϵ. Bottom two rows: models trained to predict the image x0. The shrinkage
observed at high noise in the noise-parameterized models is likely due to numerical instability.
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Figure 12: Sensitivity field of the optimal denoiser.

B.7 Quantitative results for AFHQv2 and Fashion-MNIST

In addition to Table 1 in the main paper we report quantitative results for AFHQv2 and Fashion-
MNIST in Table 4. All the values are calculated across 128 samples.

Table 4: Comparison of methods across AFHQv2 and Fashion-MNIST. All metrics are averaged over
128 samples. Best results are highlighted in green and second best in maroon.

AFHQv2 Fashion-MNIST

Method r2 ↑ MSE↓ r2 ↑ MSE↓
Optimal Denoiser -1.239 ± 0.371 0.180 ± 0.023 -0.137 ± 0.344 0.254 ± 0.077

Wiener (linear) 0.601 ± 0.072 0.025 ± 0.003 0.449 ± 0.068 0.137 ± 0.018
Kamb & Ganguli [12] 0.429 ± 0.081 0.041 ± 0.006 0.342 ± 0.183 0.186 ± 0.019
Ours 0.759 ± 0.026 0.019 ± 0.004 0.523 ± 0.042 0.125 ± 0.011

Another DDPM 0.928 ± 0.019 0.050 ± 0.001 0.950 ± 0.020 0.015 ± 0.005

B.8 Quantitative measure of novelty of samples

In this work, we focus on the ability of the trained diffusion models to generate novel samples that
contrast with the behavior of the optimal denoiser. Therefore, the ability of the analytical model to
generate novel samples is paramount. In figure 5 of the main paper (as well as in Appendix B.9) we
report the nearest neighbors from the training dataset for each sample generated with our analytical
model. To quantify these results, we report the average L2 distances between samples generated with

25



D
D
P
M

O
u
rs

D
D
P
M

O
u
rs

950 750850 650 550 450 250350 150 50

Figure 13: Intermediate generation results of a trained DDPM model (rows 1 and 3) and ours (rows 2
and 4). The figure displays single-step estimations of x0 from each xt along a sampling trajectory of
10 steps.

900 800 700 600 500 400 300 200 100 0
0

0.05

0.1

0.15

0.2

900 800 700 600 500 400 300 200 100 0

0

0.05

0.1

0.15

Optimal Denoiser

Kamb & Ganguli

Another DDPM

Wiener (linear)

Niedoba et al.

Ours

Denoising step t Denoising step t

CIFAR10 CelebA-HQ

Figure 14: Mean Squared Error (MSE) between the baseline’s predictions and a trained DDPM model.
The MSE is calculated on x0 prediction from each xt point along a 10-step generation trajectory. The
results are presented on the CIFAR10 and CelebA-HQ datasets. Mean and standard deviation values
were calculated across 128 samples.

each of the baseline models and the closest image in the dataset in Table 5. Additionally, we report
the dynamics of the “novelty” measure in the generation process in Figure 15.

Table 5: We numerically quantify the ability of analytical models to produce images outside of the
training dataset. In this table, we provide the average L2 distance between images generated with the
baselines and the corresponding closest image in the training dataset. Results are averaged over 128
samples.

Method CIFAR10 CelebA-HQ AFHQv2 MNIST Fashion MNIST

Optimal Denoiser 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000

Wiener (linear) 0.091 ± 0.006 0.104 ± 0.006 0.112 ± 0.005 0.177 ± 0.015 0.133 ± 0.013
Kamb & Ganguli [12] 0.094 ± 0.005 0.089 ± 0.006 0.136 ± 0.007 0.355 ± 0.061 0.218 ± 0.032
Ours 0.040 ± 0.005 0.063 ± 0.004 0.063 ± 0.004 0.204 ± 0.023 0.131 ± 0.027

Another DDPM 0.079 ± 0.014 0.087 ± 0.010 0.095 ± 0.013 0.103 ± 0.023 0.067 ± 0.015

B.9 Additional generation results

We present additional generation results similar to fig. 5 of the main paper in Figures 16 to 20.
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Figure 15: L2 distance between x0 prediction and the closest image in the training dataset reported
along a 10-step generation trajectory for 5 datasets.

C Implementation details

C.1 Sampling.

In all of the generations in this paper, we are using diffusers’ [9] implementation of the DDIM [27]
sampler with 10 sampling steps. We discretize the noise time scale for t ∈ [0, 1000] where t = 0 is
no noise and t = 1000 is full noise. The scheduler is linear with α0 = 10−4 and α1000 = 0.02.

C.2 Training DDPM Model

We train a Denoising Diffusion Probabilistic Model (DDPM) U-Net using a third-party pytorch
implementation [35]. We adopt the U-Net model architecture based on the input image resolution:

• MNIST/FashionMNIST (img_size = 28): 3 downsampling levels with channel_mult = [1,
2, 2], base channel width 64.

• CIFAR10 (img_size = 32) and CelebA-HQ/AFHQ (img_size = 64): 4 downsampling levels
with channel_mult = [1, 2, 3, 4], base channel width 128.

The number of residual blocks per level is fixed to 2, with no self-attention modules included. Dropout
is set to 0.15 throughout the network. The model is trained for 200 epochs with a batch size of 32.
We use the Adam optimizer with a learning rate of 10−4 over 1000 diffusion steps. Training and
evaluation use fixed random seeds for reproducibility.

C.3 Our analytical model

Below, we provide a detailed description of the implementation of our analytical model. A key
component of this implementation is the weighted streaming softmax (wssm) that accumulates the
product x0 softmax (. . .) over batches of training images.
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Algorithm 1 Single denoising step of the proposed analytical model.

Require: Noisy image xt

Timestep t
Precomputed covariance S of the data
Masking threshold τ
Dataset X
Schedule of αt and σ2

t = 1−αt

αt

Ensure: Estimated clean image x̂0

1: UΛU⊤ = S ▷ SVD of the covariance matrix
2: Wt =

1√
αt
Udiag

(
λ2
i

λ2
i+σ2

t

)
U⊤ ▷ Current Wiener matrix

3: Mt = Binarize(Wt, τ) ▷ Construct the projection matrix
4: wssm.init() ▷ Initialize weighted streaming softmax
5: for each batch x

(k)
0 from X do

6: Dk = stack

[(
xt −

√
αtx

(k)
0

)2]
▷ Distance to xt for each image in the batch

7: Dmt = DkMt ▷ Each row of Mt serves as a mask
8: wssm.update

(
−Dmt/2 [1− αt] , x

(k)
0

)
▷ Add the distances and the value

9: end for
10: x̂0 = wssm.value()
11: return x̂0

C.4 Baseline implementation details

Wiener filter. To implement the Wiener matrix, we first center each dataset to a zero mean. Then
we pre-compute the covariance matrix of the dataset. Note that this is part of “training” and these
computations were not included in the runtime report. On sampling, use the PyTorch implementation
of SVD to compute the principal components and the corresponding singular values. Finally, we are
using eq. (7) from the main paper to implement Wt. Note that we are using the Wiener filter as a
denoiser, and when generating the images, we are still using a 10-step DDIM sampling, effectively
applying the Wiener filter 10 times to the initial noise.

Kamb & Ganguli model. We implemented the analytical model suggested by Kamb & Ganguli in
our code base. Then we fit the patch sizes Mt of the analytical model to our trained DDPM U-Nets,
maximizing the r2 between the scores on each step of generation. For the CelebA-HQ dataset we
are using (non-equivariant) Local Score (LS) machine, for other datasets we used Equivariant Local
Score (ELS) machine. Below are the patch sizes that we obtained:

• CIFAR10 32× 32: [32, 32, 32, 29, 25, 17, 13, 9, 7, 3]
• CelebA-HQ 64× 64: [ 64, 64, 45, 25, 17, 17, 9, 7, 5, 3 ]
• AFHQ 64× 64: [64, 64, 45, 33, 25, 17, 17, 9, 9, 3]
• MNIST 28× 28: [28, 28, 23, 17, 13, 13, 13, 9, 9, 9]
• Fashion MNIST 28× 28 : [28, 25, 23, 17, 17, 13, 13, 9, 9, 5]

C.5 Algorithmic Complexity

In this section, we provide an analysis of the algorithmic complexity of our method and the baselines.
For small-resolution images, the Wiener filter remains the most efficient at O(m2), where m is the
flattened image resolution. Both our model and Kamb&Ganguli’s require a dataset pass per inference
step, leading to scaling linear in n, where n is the dataset size.

Kamb&Ganguli assume translation equivariance, so for each pixel, its surrounding patch (size pt at
denoising step t) is compared to every patch in the dataset, resulting in O(nptm

2) complexity. With
approximate vector search (e.g., using k clusters), this reduces to O(nptm

2/k). Our model forgoes
translation equivariance as we did not observe any difference in quality. Additionally, we are using
a distinct per-pixel mask pattern. This leads to the algorithmic complexity of our algorithm being

28



O(nptm). For larger datasets, we can match the O(nptm/k) complexity by indexing masks per
timestep and pixel. We provide the summary in Appendix C.5.

Table 6: Algorithmic complexity of the baselines. Here, m denotes the flattened image resolution, n
the dataset size, pt the patch size at denoising step t, and k the number of clusters used in approximate
nearest-neighbor search.

Method Wiener Kamb (exact) Kamb (approx) Ours (exact) Ours (approx)

Complexity O(m2) O(nptm
2) O

(
nptm

2

k

)
O(nptm) O

(
nptm

k

)
C.6 Computational resources and runtime

All the experiments were performed on a server machine with Ubuntu 20.04. The machine has
1008GB RAM, 128 CPU cores and 8× NVIDIA RTX A6000 GPUs with 49140MB VRAM. We note
that all the baselines could be run with fewer computational resources. In Table 7 we provide the
average run times for each baseline.

Table 7: We demonstrate the computational efficiency of each method by displaying the total sampling
time for each of the baselines over 10 denoising steps. None of the methods are optimized for runtime,
and the comparison is provided only as a rough reference. Results show times averaged over 64
samples.

Method CIFAR10 CelebA-HQ AFHQv2 MNIST Fashion MNIST

Optimal Denoiser 7.90 18.90 10.01 0.63 0.64

Wiener (linear) 0.11 3.10 3.08 0.07 0.07
Kamb & Ganguli [12] 44.44 349.68 181.08 4.40 4.49
Ours 21.25 70.23 314.55 22.39 22.97

Another DDPM 0.57 0.65 0.65 0.61 0.63
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Figure 16: Additional generation results for all baselines and ours on the CelebA-HQ dataset.
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Figure 17: Additional generation results for all baselines and ours on the AFHQ dataset.
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Figure 18: Additional generation results for all baselines and ours on the CIFAR10 dataset.
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Figure 19: Additional generation results for all baselines and ours on the MNIST dataset.
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Figure 20: Additional generation results for all baselines and ours on the Fashion MNIST dataset.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?
Answer: [Yes]
Justification: the main claims in the abstract and introduction are backed up with detailed and
rigorous experiments, as well as theoretical justifications.
Guidelines:
• The answer NA means that the abstract and introduction do not include the claims made in the

paper.
• The abstract and/or introduction should clearly state the claims made, including the contributions

made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have discussed this in the main paper before the conclusion
Guidelines:
• The answer NA means that the paper has no limitation while the answer No means that the

paper has limitations, but those are not discussed in the paper.
• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to violations of

these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to
provide closed captions for online lectures because it fails to handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?
Answer: [Yes]
Justification: We have provided all assumptions and proof details, either in the main paper or
appendix.
Guidelines:
• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
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• The proofs can either appear in the main paper or the supplemental material, but if they appear
in the supplemental material, the authors are encouraged to provide a short proof sketch to
provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experi-
mental results of the paper to the extent that it affects the main claims and/or conclusions of the
paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We have included details in the paper and appendix, as well as code and instructions
required to reproduce these experiments in the supplementary materials.
Guidelines:
• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived well by the

reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might
suffice, or if the contribution is a specific model and empirical evaluation, it may be necessary
to either make it possible for others to replicate the model with the same dataset, or provide
access to the model. In general. releasing code and data is often one good way to accomplish
this, but reproducibility can also be provided via detailed instructions for how to replicate the
results, access to a hosted model (e.g., in the case of a large language model), releasing of a
model checkpoint, or other means that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe the

architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should either

be a way to access this model for reproducing the results or a way to reproduce the model
(e.g., with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?
Answer: [Yes]
Justification: We will include the code required to reproduce all of our experiments in the
supplementary materials.
Guidelines:
• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

• The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.
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• The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

• Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?
Answer: [Yes]
Justification: We have included important details in the paper, and additional details in the
appendix.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail that is

necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We report standard deviation values for numerical results in Table 1 in the appendix.
We verify that our claims that our method outperforms baseline are statistically significant.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

• The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error of the

mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should preferably

report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of
errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experi-
ments?
Answer: [Yes]
Justification: We include in the supplementary materials details about the computational resources
needed to reproduce experiments.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud

provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual experimental

runs as well as estimate the total compute.
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• The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it
into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: Yes, the research conducted in this paper conform to the code of ethics.
Guidelines:
• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a deviation

from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consideration due

to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?
Answer: [NA]
Justification: This work consists of basic research aiming to better understand how diffusion
models generalize, and is not tied to any potential applications.
Guidelines:
• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal impact or

why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses (e.g.,

disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied to par-
ticular applications, let alone deployments. However, if there is a direct path to any negative
applications, the authors should point it out. For example, it is legitimate to point out that
an improvement in the quality of generative models could be used to generate deepfakes for
disinformation. On the other hand, it is not needed to point out that a generic algorithm for
optimizing neural networks could enable people to train models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for
monitoring misuse, mechanisms to monitor how a system learns from feedback over time,
improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators,
or scraped datasets)?
Answer: [NA]
Justification: We do not release any such data or models.
Guidelines:
• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with necessary

safeguards to allow for controlled use of the model, for example by requiring that users adhere
to usage guidelines or restrictions to access the model or implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

12. Licenses for existing assets
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Question: Are the creators or original owners of assets (e.g., code, data, models), used in the
paper, properly credited and are the license and terms of use explicitly mentioned and properly
respected?
Answer: [Yes]
Justification: We cite the datasets, codebases and pre-trained models used in this paper.
Guidelines:
• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of service of

that source should be provided.
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be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: We do not release any new assets.
Guidelines:
• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their sub-

missions via structured templates. This includes details about training, license, limitations,
etc.

• The paper should discuss whether and how consent was obtained from people whose asset is
used.

• At submission time, remember to anonymize your assets (if applicable). You can either create
an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as well as
details about compensation (if any)?
Answer: [NA]
Justification: We do not perform any studies involving human subjects.
Guidelines:
• The answer NA means that the paper does not involve crowdsourcing nor research with human

subjects.
• Including this information in the supplemental material is fine, but if the main contribution of

the paper involves human subjects, then as much detail as possible should be included in the
main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human subjects
Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals
(or an equivalent approval/review based on the requirements of your country or institution) were
obtained?
Answer: [NA]
Justification: We do not perform any studies involving human subjects.
Guidelines:
• The answer NA means that the paper does not involve crowdsourcing nor research with human

subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

• For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or non-
standard component of the core methods in this research? Note that if the LLM is used only for
writing, editing, or formatting purposes and does not impact the core methodology, scientific
rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: We do not use LLMs as important, original, or non-standard components in this
work.
Guidelines:
• The answer NA means that the core method development in this research does not involve LLMs

as any important, original, or non-standard components.
• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what

should or should not be described.
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