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Figure 1: A classic isotropic diffusion process (top row) is compared to our hybrid edge-aware diffusion process (middle row) on the left side.
We propose a hybrid noise schedule (bottom row) that smoothly transitions from anisotropic (t € [0; 250]) to isotropic noise (t € [250; 499]) .
We use our edge-aware noise for training and inference. On the right, we compare both noise schemes applied to the SDEdit framework

[MHS"22] for stroke-based image generation. Our model consistently outperforms DDPM’s isotropic noise scheme, is more robust against
visual artifacts and produces sharper outputs without missing structural details.

Abstract

Classical diffusion models typically rely on isotropic Gaussian noise, treating all regions uniformly and overlooking structural
information important for high-quality generation. We introduce an edge-preserving diffusion process that generalizes isotropic
models via a hybrid noise scheme with an edge-aware scheduler that smoothly transitions from edge-preserving to isotropic
noise. This enables the model to capture fine structural details while generally maintaining global performance. We evaluate
the impact of structure-aware noise in both diffusion and flow-matching frameworks, and show that existing isotropic models
can be efficiently fine-tuned with edge-preserving noise, making our framework practical for adapting pre-trained systems.
Beyond unconditional generation, our method particularly shows improvements in structure-guided tasks such as stroke-to-
image synthesis, improving robustness and perceptual quality, as evidenced by consistent improvements across FID, KID, and

CLIP-score.
CCS Concepts

» Computing methodologies — Gaussian processes; Image processing; * Mathematics of computing — Markov processes;

1. Introduction

Previous work on diffusion models mostly uses isotropic Gaussian
noise to transforman unknown data distribution into a known dis-
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tribution (e.g., normal distribution), from which samples can be
efficiently drawn [SE19,SSDK *21, HJA20, KSPH21 ]. Due to the
isotropic nature of the noise, all regions in the data samples x, are
uniformly corrupted, regardless of the underlying structural con-
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tent, which is typically distributed in a non-isotropic manner In
the generative backward process, the model learns an isotropic de-
noising function, but in doing so, it ignores potentially valuable
non-isotropicinformationin the data that it was trained on. Denois-
ing has been a central topic in image processing research [EKV23].
The seminal work by [PM90] showed that accounting for image
structure enables substantial gains in denoising performance. Since
generative diffusion models can also be seen as denoisers, we ask
ourselves: Can incorporating structural information from data sam-
ples improve the effectiveness of a generative diffusion process?

To explore our question, we introducea new class of diffusion
models that generalizes over existing isotropic models and explicitly
learns a content-aware noise scheme. We call our noise scheme
edge-preserving noise.

To summarize, we make the following contributions:

e We introduce a novel class of content-aware diffusion models
and show how it is a generalization of existing isotropic diffusion
models (Section 4.3). We also demonstratethat our noise frame-
work can be applied in the more general setting of flow matching
(Section 4.4).

e We runextensive qualitative and quantitative experiments across
a variety of datasets to validate the positive impact of using edge-
preserving noise over isotropic noise (Section 5 and Appendix D).

e We analyze our model’s generative process, and demonstrate
that it converges more rapidly to sharper, less noisy predictions
(Fig. 3). In addition, we conducta frequency analysis, suggest-
ing that our edge-preserving model better learns the low-to-mid
frequencies of the target data (Appendix B).

e We observe consistent quantitive/qualitative improvements for un-
conditional image generation. In particular, our noise framework
demonstrates strong potential for shape-guided generative tasks,
showing greater robustness and significantly improved quality on
these tasks (Fig. 4).

2. Related work

Most existing diffusion-based generative models [SDWMG15,SE19,
SSDK *21, HJA20] corrupt data samples by adding noise with
the same variance across all pixels. Generative models tend to
have the ability to produce more diverse and novel content when
the noise variance is higher, whereas lower variance noise is bet-
ter at preserving the underlying structure of the data. Various ef-
forts have explored diffusion processes beyond those driven solely
by isotropic noise. [RHS23] introduced an inverse heat dissipa-
tion model (IHDM), which applies isotropic Gaussian blurring
to corrupt images, which they show is equivalent to introducing
non-isotropic noise in the frequency domain. One line of work
[BBC *23, DDT*23] investigates arbitrary forward diffusion pro-
cesses with mixed componentssuch as blurring, noise, masking...
[HS23] propose a generalized form of heat dissipation and diffusion
by combining isotropic noise and blurring.

Anotherline of work has explored non-isotropicforms of noise
in diffusion models. [DVK22] proposed to use critically-damped
Langevin diffusion where the data variable at any time is augmented
with an additional "velocity" variable. Noise is only injected in the
velocity variable. [VPO22] performed a limited study on the impact

of isotropic vs non-isotropicGaussian noise for a score-based model.
The idea behind non-isotropic Gaussian noise is to use noise with
different variance across image pixels. They use a non-diagonal
covariance matrix to generate non-isotropic Gaussian noise, but
their sample quality did not improve in comparison to the isotropic
case. [YGLS24 ] developed this idea furtherand proposeda Gaussian
noise model that adds noise with non-isotropicvariance to pixels.
The variance is chosen based on how much a pixel or region needs
to be edited. They demonstrateda positive impact on editing tasks.
More recently, [HSV *24] proposed a blue noise diffusion model
(BNDM), using negatively correlated noise for enhanced visual
quality and FID scores. While IHDM and BNDM also consider
a form of non-isotropic noise, they do not explicitly account for
structures present in the signal.

Our definition of non-isotropy is inspired by the seminal work of
[PM90] on anisotropic diffusion for edge-preserving image filtering
(removing noise from images). We apply a non-isotropicvariance
to pixels in an edge-aware manner, meaning that we suppress noise
on edges.

3. Background
3.1. Generative diffusion processes

A generative diffusion model consists of two processes: the forward
process transforms data samples X into samples X7 that are dis-
tributed according to a well-known prior distribution, such as a nor-
mal distribution (0, 7). The correspondingbackward process does
exactly the opposite: it transforms samples X7 into X, distributed
according to the target distribution py(x). Sampling from this back-
ward process involves predicting a vector quantity; interpretable as
either noise or the gradient of the data distribution, which is precisely
the task for which the generative diffusion model is trained. Previous
works [SE19,SSDK *21, HJA20, KSPH21, RHS23, HS23] typically
formulate the forward process as the following linear equation:

Xr = YrXo + Oré€r (1)

here, x; is the data sample diffused up to time 7, Xy stands for the
original data sample, ¢ is a standard normal Gaussian noise, and the
signal coefficient y; and noise coefficient 6; determine the signal-to-
noise ratio (SNR) (¥/o,). The SNR refers to the proportionof signal
retained relative to the amountof injected noise. Note that; and o;
are both scalars. Previous works have made several different choices
for y; and o; respectively, leading to different variants, each with
their own advantages and limitations. Typically, a noise schedule
B is employed to govern the rate at which y, and o; vary over
time [HJA20]. We define o = 1 — B¢ and o = [T;_; o, consistent
with [HJA20].

3.2. Denoising probabilistic models

Following the probabilistic paradigm of [HJA20], we would like
to introduce the posterior probability distributions of the general
diffusion process described by Eq. (1). We will show the exact
form that our forward and backward processes take in Section 4.1
and Section 4.3 respectively. For details and full derivations of the
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equations provided in this paragraph, we would like to refer to the
appendix of [KSPH21]. The isotropic diffusion process formulated
in Eq. (1) has the following marginal distribution:

2
q(x[%0) = N (vxo,071) @
Moreover, it has the following Markovian transitionrules:

L](Xt|Xs) = N(’Yr|sXS7Gt2\s1) (3

with the forward posterior signal coefficient v, = % and the
forward posterior variance (or square of the noise coefficient)
012|s =0’ — yf‘xcﬁ and 0 < s <t < T. For a Gaussian diffusion
process, given that ¢(Xs|Xs,Xo) x g(X¢|Xs)q(Xs|Xg), one can analyti-
cally derive a backward process thatis also Gaussian, and has the
following marginal distribution:

2
q(Xs[x¢,X0) = N(/Jr—mvctﬁsl)- (4)
The backward posterior variance 67_, has the following form:
—1

z ! +@ (5)

t)s

Or—s = -
OF (&)

and the backward posterior mean y,_, ; is formulated as:

2 ’YI|S Ys
Mg =0Ot—s | 5 X+ 5Xo |- (6)
6t|s S

Samples can be generated by simulating the reverse Gaussian
process with the posteriors in Eq. (5) and Eq. (6). A practical issue
is that Eq. (6) itself depends on the unknown Xy, the sample we are
trying to generate. To overcome this, one can instead approximate
the analytic reverse process in which xg is replaced by its approxi-
mator Xy, learned by a deep neural network fg(xt,#). The network
can learn to directly predict X, given an x; (a sample with a level
of noise that corresponds to time ), but previous work [HJA20]
has shown that it is beneficial to instead optimize the network to
learn the approximatoré;. é predicts the unscaled Gaussian white
noise that was injected at time ¢. Xy can then be obtained via Eq. (7),
which follows from Eq. (1).

1 Or ,

Ro= —x— 2 7
0= X %Et (7)

3.3. Edge-preserving filters in image processing

In this work, we aim to choose y; and G; such that we obtain a
diffusion process that injects noise in a content-aware manner To
do this, we are inspired by the field of image processing, where
a classic and effective technique for denoising is edge-preserved
filtering via anisotropic diffusion [Wei98]. To overcome the problem
of destroying relevant structural information in the image when
applying an isotropic filter, [PM90] instead propose an anisotropic
diffusion process of the form:

t
X; = Xg +/ c(xs,s)_lesds (8)
0
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where the diffusion coefficient ¢(xy,s) ! has the following general
form:

Vx|

c(x,t)=4/1+ Q) 9)
where ||Vx|| is the gradient magnitude image, and A(¢) is the edge
sensitivity. Intuitively, in the regions of the image where the gradient
response is high (on edges), the diffusion coefficient will be smaller,
and therefore the signal gets less distorted there. The edge sensitivity
A(t) determines how sensitive the diffusion coefficient is to the
image gradient response. Note that in the original formulation of
[PM90], A(f) is introduced as a constant parameter We define the
diffusion coefficient with the same constantA as:

L IIwxll
A

but we found that a time-varying edge sensitivity works better in
our generative setting (more details in Sections 4.2 and 6).

co(x) =¢(x,0) =4/1 (10)

Inspired by the anisotropic diffusion coefficient presented in
Eq. (9), we aim to design a linear diffusion process that incorporates
edge-preserving noise. Our hope is that by doing this, the generative
diffusion model will better learn the underlying geometrical struc-
tures of the target distribution, leading to a more effective generative
denoising process. To obtain our content-aware linear diffusion pro-
cess, we apply the idea of edge-preserved filtering to the noise term
of Eq. (1). We cannot directly use [PM90]’s formulation because
their time-dependentdiffusion coefficient makes the process non-
linear (in Eq. (8), the diffusion coefficient ¢(x,¢) depends on xj).
Instead, we make the coefficient depend only on xo:

b

Xt*Yth-i-c(XO,t)Gz (11)
Where b is the noise coefficient’s numerator and can be chosen
as desired. To investigate the mere impact of non-isotropicedge-
preserving noise on the generative diffusion process, we chose our
parametersy; = 1/0; and b = /1 — d such thatit closely matches
the well-studied forward process of [HJA20], but nothing prevents
us from making different choices for y; and b. Note that the noise
coefficient in Eq. (1) becomes a tensor G; instead of a scalar o; for
our process. Intuitively, we preserve edges by reducing noise based
on the edges in the original image.

4. An edge-preserving generative process
4.1. Forward process with hybrid noise scheme

The forward edge-preserving process described in Eq. (11) in its
pure form is not very meaningful in a generative setting. This is
because if the edges are preserved all the way up to timez =T,
we end up with a rather complex prior distribution pr(x) that we
cannot efficiently take samples from. Instead, we would like to
end up with a well-known distribution at time t = T, such as the
standard normal distribution. To achieve this, we instead consider
the following hybrid forward process:
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b

= 20))elo,) £50) (12)

Xr = VrXo +

The function T(f) now appearing in the denominatorof the dif-
fusion coefficient is the transition function. Whent(t) < 1, we ob-
tain edge-preserving noise (the edge-preservation is strongest when
1(¢) &~ 0). The turning point where t(¢) = 1 is called the transition
point tp. At the transition point, we switch over to isotropic noise
with scalar noise coefficient 6; = b (note that we chose ¥, = /0y

andb = /1 — ).

This approach allows us to flexibly design noise schedulers that
start off with edge-preserving noise and towards the end of the
forward process fall back to an isotropic diffusion coefficient. Prac-
tically, one can choose any function for 1(¢), as long as it maps to
[0;1] and t(¢) = 1 for 7 in proximity to 7. We performed an ablation
for different transition functions in Section 6.

Observe how our diffusion process generalizes over existing
isotropic processes: by setting T(¢) = 1 constant, we simply obtain
an isotropic process with signal coefficient y; and noise coefficient
6; = b. Choosing any other non-constantfunction for t() leads to a
hybrid diffusion process that consists of an edge-preserving stage
and an isotropic stage (startingat ©(r) = 1).

Perturbed
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Figure 2: Illustration of our hybrid diffusion process and its hyper-
parameters. All parameters are explained in Sections 4.1 and 4.2.

4.2. Time-varying edge sensitivity A(7)

The edge sensitivity parameter A controls the level of detail pre-
served along image edges. Very low values of (e.g. A = le —5)
will retain almost all fine details. The more we increase A, the less
details will be preserved. When A becomes very high (e.g. A=1),
the process becomes nearly isotropic. Our ablation study (Section 6)
explores impact of this parameter in more detail. We found that
constant A-values harm sample quality: too low values results in
unrealistic, "cartoonish" images, while too high values diminish the
effectiveness of the edge-preserving diffusion model, making the
model behave almost like an isotropic process.

Jente Vandersanden, Sascha Holl, Xingchang Huang, Gurprit Singh / Edge-preserving noise for diffusion models

To address this, we instead consider a time-varying edge sensi-
tivity A(r). We set an interval [Ayin; Amax] that bounds the possible
values for the time-varying edge sensitivity. The function that gov-
erns A(¢) within this interval can in theory again be chosen freely.
We have so far experimented with a linear function and a sigmoid
function. We experienced that a linear function for A(z) resulted in
higher sample quality and therefore used this function for our ex-
periments. Additionally, we have attempted to optimize the interval
[Mnins Mmax), but this led to unstable behaviour.

4.3. Edge-Aware Generative Process in Diffusion Models

Given the forward hybrid diffusion process introducedin Section 4.1,
we construct the corresponding generative backward process within
the denoising diffusion framework (for the edge-preserving flow-
matching variant, see Section 4.4). Specifically, we derive explicit
expressions for the posterior mean g, _, ; and variance 67_,; of the
backward process by substituting our chosen signal coefficient
and variance 67 into Eq. (6) and Eq. (5).Recall that we chose o’ to
be a tensor, which is why the backward posterior variance o7, is
again a tensor, contrary to isotropic diffusion processes considered
in previous works. Regardless, we can use the same equations and
the algebra still works.

We first introduce an auxiliary variable 6% (¢), which represents
the variance of our forward process at a given time . This is simply
the square of our choice for the noise coefficient 6; formulated in
Eq. (12):

(1) = (1—di) - |(1=(1)e(x0.1)®
(13)
+2 (1 —2(0))e(xo,1)t(r) +1(1)?

Here d; has the same meaning as earlier described in Section 3.3.
We now have the backward posterior variance 0,2_> o

—1

) A
G = | iy T & (14)

and the backward posterior mean g, _, .:
Vo g
NG v O

A0)-sap) Tewe] W

2
M5 = Ot—s

Given Eq. (14) and Eq. (15), the only unknown preventing us from
simulating the Gaussian backward process is xy. Note that Xy in
our case depends on a non-isotropicnoise. Therefore, we cannot
just use an isotropic approximator ¢ for the isotropic noise ¢ to
predict Xo via Eq. (7). Instead, we need a model that can predict the
non-isotropicnoise oye; .

We introduce the loss function that trains such an approximator:
2
L= | folx,1) —ore|°. (16)

It is very similar to the simplified loss function derived in DDPM
[HJA20], with the difference that our model explicitly learns to
predict the non-isotropic edge-preserving noise (G:¢;). Note that
we apply no weighting to our loss function. In Appendix A, we

© 2026 The Authors.
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Figure 3: We visually compare the impact of our edge-preserving noise on the generative process. In each column, we show predictions X at

selected time steps. Our method converges significantly faster to a sharper and less noisy image than its isotropic counterpart. This is evident
by the earlier emergence (fromt = 400) of structural details like the patternon the cat’s head, eyes, and whiskers with our approach.

discuss that this is a heuristic, and we also show how our loss for-
mulation can be derived from a negative log-likelihood perspective,
with the accurate theoretically-founded weighting.

fo(xz,1) stands for the time-conditioned U-Net used to approxi-
mate the time-varying noise function. The visual difference between
the backward process of an isotropic diffusion model (DDPM) and
oursis shown in Fig. 3. Our formulationintroducesa negligible over-
head. The only additional computationthat needs to be performed
is the image gradient ||Vx||, which can be done very efficiently
on modern GPUs. We have not noticed any significant difference in
training time between vanilla DDPM and our method.

4.4. Edge-Aware Generative Process in Flow Matching

The general framework of flow matching allows users to design
probability paths that on their turn will correspond to some prob-
ability flow vector field. Our goal is to construct a such path that
leads to flows that are aware of the geometric structuresin the target
dataset. Motivated by its simple formulationand the impressive re-
sults [LCBH *22] achieved with it, we choose to build upon the opti-
mal transportvariant of flow matching (OT-FM). Theorem 3 derived
by [LCBH *22] provides an elegant and flexible design framework
for probability flows, where the user only has to specify differ-
entiable functions g (x) and 6;(xp). These functions correspond
to the signal coefficient ¥; and noise coefficient o; that we intro-
duced in Section 3. The OT-FM formulation chooses ;s (xp) = ¢ and
61(x9) = 1 —t. Similar to what we did for isotropic diffusion (Sec-
tions 4 and 4.3), we make this probability path "edge-preserving”
by leaving u/(x() unchanged, and only operate on 6;(xg):

1—1t¢

=) e, 1) £ 500) (17)

61(xp) = (

To use this formulation in the framework of flow matching, we
also need to find its corresponding time derivative:

doi(xo) _ gf' —fg’
ot g2

Which follows from the quotient rule for derivatives, where f is the

(18)

numeratorof 6;(xp) , g is the denominatorof o;(xy), and f* and g’
are its respective time derivatives: f = —1, and g’ has the following
form:

© 2026 The Authors.
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¢ =70+0 r(r»(m) Y (elxor)  (19)

However, note that because 0;(xg) has the requirement to be
differentiable, f and g should also be differentiable. For f there
are trivially no issues, but g contains two nested functions t(¢)
and A(r), which are not necessarily differentiable. For example,
the linear choice we made for t(¢) (see Fig. 2) is only piecewise
differentiable. We experimentally found that using this formulation
leads to an unstable optimization objective, preventing the model
from convergence. To overcome this, we tried to simplify our choice
for 6;(xg). In particular, we removed the time dependency on the
edge sensitivity A, and changed t(¢) to be piecewise constantinstead

of a piecewise linear function:
0 t<tp

t(t) = { 20)

1 t>t

This results to the time-derivative g’ of the denominatorof o/ (xp)
now becoming:
r_ ey (x)

o —co(x)T (1) +7 (1) =0 (21)

This is the case because A no longer depends on time ¢ (and
therefore ¢(x,7) =: ¢o(x), see Eq. (10)) and the time derivative of
(¢) is now 7' (t) = 0 over the whole domain. As a consequence,

w now becomes:
3oi(x0)  f -1
I 22
o g (=)o) +1(0) -

With this slightly simplified formulation, we experienced a much
more stable training objective. This is the final formulation that we
used to generate the results in Fig. 6.

5. Experiments
5.1. Implementation details

We provide the implementationdetails for our experiments in Ap-
pendix C. Please also find our analysis on the model’s capacity of
modeling different frequency bands in Appendix B.
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Synthetic Blue noise

stroke painting

Isotropic noise

Ours Human

| FID (J) | Blue noise | Isotropic | Ours |
CelebA(1282) 68.0 45.80 39.08
Church(1282) 93.81 72.54 56.14
Cat(1282) 51.05 27.61 23.50

—
-

A
E =

painting

Figure 4: Left: Impact of different types of noise to the SDEdit framework [MHS*22] for shape-guided generation. The leftmost column
displays the stroke-based guide (created via k-means clustering applied to an image), with the other three columns showing the model outputs.

Overall, using our noise franework results in sharper details and less distortions compared to other noises, leading to a better visual and
quantitative performance. The corresponding FID scores are shown in the top right column. Right: Our noise also works effectively with
human-drawnpaintings as shape guides, showing particularly precise adherence to details, such as the orange patches on the cat’s fur.

5.2. Unconditional image generation

We evaluate unconditional generation with edge-preserving noise in
the diffusion framework, for which results are presented in Fig. 5
and Appendix D). Across datasets, we found that edge-preserving
(non-isotropic) noise brings improvements compared to isotropic
noise [HJA20]. While qualitative gains over DDPM can be subtle for
unconditionalgeneration, we observed minor quantitative improve-
ments, and found our method reduces visual artifacts and shows to
be particularly effective in structure-guidedgeneration (Section 5.4,
Fig. 4).

To show that our noise scheduler also works in practice within
the framework of flow matching, we compare OT-FM [LCBH *22]
against an edge-preserving variant (EP-OT-FM) (see Section 4.4
for details). Although FID/KID are similar, results in Fig. 6 show
consistent visual improvements. To validate this, we conducted an
additional user study involving 30 participants. Each participant was
presented with 10 pairs of generated images (for the AFHQ-Cat,
CelebA, and CIFAR-10 datasets), with each pair consisting of one
image generated by EP-Flow matching (ours) and one by OT-Flow
matching. Participants were asked to rate each image ona 1-5 scale
based on perceived quality (1 is the worst score, 5 is the best score).
The results show that EP-OT-FM was consistently preferred over
OT-FM in terms of perceived sample quality (see Table 2).

5.3. Edge-preserving noise in the latent space

We also briefly tested edge-preserving noise in the latent space,
with results shown in Table 1 and Fig. 15. We would like to clarify
that it makes sense to do this, given that in the latent space, a lot

Table 1: Quantitative FID score comparisonon latent-space diffusion
[RBL *22] between DDPM [HJA20] and our edge-preserving model.

| UnconditionalFID (}) | AFHQ-Cat(5122, latent) |

DDPM 22.86
Ours 18.91

Table 2: User study results for perceived quality on samples gener-
ated by EP-OT-FM vs. OT-FM. Score can range from 1 (worst) to 5
(best).

| | EP-OT-FM (Ours) | OT-FM |
‘ Mean score ‘ 3.72 ‘ 2.80 ‘

Score std. dev. 0.24 0.75

of geometric structure and shape of the original image is actually
preserved (see Fig. 8).

5.4. Stroke-guided image generation (SDEdit)

We applied our edge-preserving diffusion noise to
SDEdit [MHS*22] for stroke-based generation. Using k-means
clustering, 1000 images were converted into stroke paintings and
reconstructed with backbones trained on different noise types,
including blue noise [HSV *24] and isotropic noise [HJA20], at a
hijack point of 0.557. Our method better adheres to guiding
priors, reduces visual artifacts, and achieves superior FID
scores (Fig. 4).

Additional results (Appendix D) and further evaluations on pre-
cision/recall and CLIP confirm that it maintains diversity while

© 2026 The Authors.
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EP-diffusion (Ours) DDPM EP-diffusion (Ours) DDPM EP-diffusion (Ours)
FID/KID( | ): 9.53/0.005 12.51,/0.007 26.15 / 0.022 31.60 / 0.031

DDPM
23.16/0.018 31.01/0.024

AFHQ-Cat (1282) CelebA (128?) LSUN-Church(1282)

Figure 5: Qualitative and quantitative comparison between edge-preserving noise vs. isotropic noise applied to the diffusion framework.
Unconditional samples generated using our proposed edge-preserving noise model (Section 4.3) are presented on the left side of each column
and samples from the corresponding isotropic noise model (DDPM [HJA20]) are presented on the right side of each column. While qualitative
differences can be subtle, the quantitative metrics (FID/KID, lower is better) reported above each column indicate that the edge-preserving
noise model enhances the generative process. Additional results are provided in Appendix D.

EP-OT-FM (Ours) OT-FM EP-OT-FM (Ours) OT-FM EP-OT-FM (Ours)

OT-FM
FID/KID(L):  6.50/0.0028 6.38,/0.0027 5.89 / 0.005 5.84 / 0.005

3.16/0.0008 3.14/0.0008

AFHQ-Cat(1282) CelebA (64%) CIFAR-10(32?)

Figure 6: Qualitative and quantitative comparison between edge-preserving noise vs. isotropic noise applied to the Flow Matching framework.
Unconditional samples for our edge-preserving variant (EP-OT-FM) are displayed on the left side of each column, and the standard Optimal
Transport Flow Matching (OT-FM) [LCBH *22] are displayed on the right. While FID and KID scores (lower is better) are closely matching,

we observe that in the majority of time, our method delivers visual improvements in samples generated with the same seed. The results of our
user study (Table 2) suggest the same.

© 2026 The Authors.
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enhancing semantic preservation compared to the isotropic back-
bone. These findings highlight the usefulness of edge-preserving
noise in editing tasks that rely on geometric fidelity.

5.5. Fine-tuning with edge-preserving noise

We found thata model pre-trained with isotropic noise can be effi-
ciently fine-tuned using edge-preserving noise. After fewer than 5k
fine-tuningiterations on a model pre-trainedfor 150,000 steps (2000
epochs) on AFHQ-Cat (1282), it already shows clear evidence of
learning the non-isotropicnoise patternsin the data (see Fig. 16).
This improvement is reflected in the FID score, which drops from
16.03 for the pre-trained checkpoint (isotropic noise) at 2000 epochs
to 12.59 after fine-tuningwith edge-preserving noise.

6. Ablation study
6.1. Impact of transition function t(r).

We have experimented with three different choices for the transition
function t(¢): linear, cosine and sigmoid. While cosine and sigmoid
show similar performance, we found that having a smooth linear
transition function significantly improves the performance of the
model. A qualititative and quantitative comparison between the
choices is presented in Fig. 7.

6.2. Impact of transition points 7p.

We have investigated the impact of the transition point 7 on our
method’s performance by considering 3 different diffusion schemes:
25% edge-preserving - 75% isotropic, 50% isotropic - 50% edge-
preserving and 75% edge-preserving - 25% isotropic. A visual exam-
ple for AFHQ-Cat (128*) is presented in Fig. 7 on the right. We have
experienced that there are limits to how far the transition point can
be placed without sacrificing sample quality. Visually, we observe
that the further the transition point is placed, the less details the
model generates. The core shapes however stay intact. This is illus-
trated well by Fig. 11 in Appendix D. For the datasets we tested on,
we found that the 50%-50% diffusion scheme works best in terms
of FID metric and visual sharpness. This again becomes apparentin
Fig. 11: although the samples for t¢ = 0.25 contain slightly more
details, the samples for g = 0.5 are significantly sharper.

6.3. Impact of edge sensitivity A(z).

As shown in Fig. 7, lower constantA(z) values lead to less detailed,
more flat, "water-painting-style" samples. Intuitively, a lower con-
stant A(r) corresponds to stronger edge-preservation in the noise
and our model is explicitly trained accordingly to better learn the
core structural shapes instead of the high-frequency details that we
typically find in interior regions. Our time-varying choice for A ()
works better than other settings in our experiments, by effectively
balancing the preservation of structuralinformationacross different
granularities of detail.

7. Limitations and conclusion

We introduceda new class of edge-preserving generative diffusion
models that generalize isotropic models and can be applied in both

Jente Vandersanden, Sascha Holl, Xingchang Huang, Gurprit Singh / Edge-preserving noise for diffusion models

Linear

Figure 7: Impact of our noise framework’s hyperparameters on
sample quality. Each row shows the impact of a specific parameter
(varying across 3 values) on visual sample quality and FID score.
FID scores were computed on 30k samples.

the frameworks of diffusion and flow matching. Our hybrid process
consists of an edge-preserving phase, which maintains structural
details, followed by an isotropic phase to ensure convergence to a
known prior. This decoupled approach better captures low-to-mid
frequencies and accelerates convergence to sharper, less noisy pre-
dictions. While gains for unconditionalimage generation are present,
we found the method particularly outperformsits isotropic counter-
partin a shape-guided generative task. In addition, our framework
offers a large hyperparameter space that remains open for further
exploration. While we provided an ablation to form an intuition of
each parameter’s impact, we do not claim that the parameters we
currently used are optimal. Future work could explore more applica-
tions that can benefit from accurate structure-guidedgeneration, as
well as experiment with our non-isotropic noise framework in video
generation (e.g. for better temporal consistency).

Acknowledgments
Open Access funding enabled and organized by Projekt DEAL.

References

[BBC *23] BANSAL A., BORGNIAE., CHUH.-M,, L1]., KAZEMI H.,

HUANG F., GOLDBLUM M., GEIPING J., GOLDSTEIN T.: Cold diffusion:
Inverting arbitrary image transforms without noise. Advances in Neural
Information Processing Systems 36 (2023). 2

[CUYH20] CHoO1Y., UHY., YOO J., HA J.-W.: Stargan v2: Diverse
image synthesis for multiple domains. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition (2020), pp. 8188-
8197. 10

[DDT*23] DARAS G., DELBRACIO M., TALEBI H., DIMAKIS A., MI-
LANFAR P.: Soft diffusion: Score matching with general corruptions.
Transactions on Machine Learning Research (2023). 2

[DVK22] DOCKHORN T., VAHDAT A., KREIS K.: Score-based generative
modeling with critically-damped langevin diffusion. In International
Conference on Learning Representations (2022). 2

© 2026 The Authors.
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.



Jente Vandersanden, Sascha Holl, Xingchang Huang, Gurprit Singh / Edge-preserving noise for diffusion models 90of 13

[EHA12] EITz M., HAYS J., ALEXA M.: How do humanssketch objects?
ACM Trans. Graph. (Proc. SSIGGRAPH) 31, 4 (2012), 44:1-44:10. 10, 11

[EKV23] ELAD M., KAWAR B., VAKSMAN G.: Image denoising: The
deep learning revolution and beyond—a survey paper. SIAM Journal on
Imaging Sciences 16, 3 (2023), 1594-1654. 2

[HJA20] HoOJ., JAIN A., ABBEEL P.: Denoising diffusion probabilistic
models. Advances in neural information processing systems 33 (2020),
6840-6851. 1,2,3,4,6,7,9,10

[HRU*17] HEUSEL M., RAMSAUER H., UNTERTHINER T., NESSLER
B., HOCHREITER S.: Gans trained by a two time-scale update rule
converge to a local nash equilibrium. Advances in neural information
processing systems 30 (2017). 10

[HS23] HOOGEBOOM E., SALIMANS T.: Blurring diffusion models.
In The Eleventh International Conference on Learning Representations
(2023). 2

[HSV*24] HUANG X., SALAUN C., VASCONCELOS C., THEOBALT C.,
OZzTIRELI C., SINGH G.: Blue noise for diffusion models. In ACM
SIGGRAPH 2024 Conference Papers (2024), pp. 1-11. 2,6

[KB14] KINGMA D. P, BA J.: Adam: A method for stochastic optimiza-
tion. arXiv preprint arXiv:1412.6980 (2014). 10

[KH*09] KRIZHEVSKY A., HINTON G., ET AL.: Learning multiple layers
of features from tiny images. 10

[KKL*19] KYNKAANNIEMI T., KARRAS T., LAINE S., LEHTINEN J.,
AILA T.: Improved precision and recall metric for assessing generative
models. Advances in neural information processing systems 32 (2019).
13

[KSPH21] KINGMA D., SALIMANS T., POOLE B., HO J.: Variational
diffusion models. Advances in neural information processing systems 34
(2021), 21696-21707. 1,2, 3

[LCBH*22] LIPMAN Y., CHEN R. T., BEN-HAMU H., NICKEL M.,
LE M.: Flow matching for generative modeling. arXiv preprint
arXiv:2210.02747 (2022). 5, 6, 7, 10

[LLWL20] LEE C.-H., L1u Z., WU L., Luo P.: Maskgan: Towards
diverse and interactive facial image manipulation. In IEEE Conference
on Computer Vision and Pattern Recognition (CVPR) (2020). 10

[MHS*22] MENG C., HE Y., SONG Y., SONG J., WU J., ZHU J.-Y.,
ERMON S.: SDEdit: Guided image synthesis and editing with stochastic
differential equations. In International Conference on Learning Repre-
sentations (2022). 1,6, 11,12, 13

[PGC*17] PASZKE A., GROSS S., CHINTALA S., CHANAN G., YANG
E., DEVITO Z., LIN Z., DESMAISON A., ANTIGA L., LERER A.:
Automatic differentiation in pytorch. 10

[PM90] PERONA P., MALIK J.: Scale-space and edge detection using
anisotropic diffusion. IEEE Transactions on pattern analysis and machine
intelligence 12,7 (1990), 629-639. 2, 3

[RBL *22] ROMBACH R., BLATTMANN A., LORENZ D., ESSER P., OM-
MER B.: High-resolutionimage synthesis with latent diffusion models. In
Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition (2022), pp. 10684-10695. 6, 10

[RHS23] RISSANEN S., HEINONEN M., SOLIN A.: Generative modelling
with inverse heat dissipation. In The Eleventh International Conference
on Learning Representations (2023). 2, 10

[RKH*21] RADFORD A., KIMJ. W., HALLACY C., RAMESH A., GOH
G., AGARWAL S., SASTRY G., ASKELL A., MISHKIN P., CLARK J.,
ET AL.: Learning transferable visual models from natural language
supervision. In International conference on machine learning (2021),
PMLR, pp. 8748-8763. 11

[SCH*24] STEIN G., CRESSWELL J., HOSSEINZADEH R., SUI Y., ROSS
B., VILLECROZE V., L1U Z., CATERINI A. L., TAYLOR E., LOAIZA-
GANEM G.: Exposing flaws of generative model evaluation metrics
and their unfair treatment of diffusion models. Advances in Neural
Information Processing Systems 36 (2024). 10

© 2026 The Authors.
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.

[SDWMGI15] SOHL-DICKSTEIN J., WEISS E., MAHESWARANATHAN
N., GANGULI S.: Deep unsupervised learning using nonequilibrium
thermodynamics. In International conference on machine learning (2015),
PMLR, pp. 2256-2265. 2

[SE19] SONG Y., ERMON S.: Generative modeling by estimating gradi-
ents of the data distribution. Advances in neural information processing
systems 32 (2019). 1,2

[SSDK *21] SONG Y., SOHL-DICKSTEIN J., KINGMA D. P., KUMAR
A., ERMON S., POOLE B.: Score-based generative modeling through
stochastic differential equations. In International Conference on Learning
Representations (2021). 1, 2

[SVI*16] SZEGEDY C., VANHOUCKE V., IOFFE S., SHLENS J., WOJNA
Z.: Rethinking the inceptionarchitecture for computervision. In Proceed-
ings of the IEEE conference on computer vision and pattern recognition
(2016), pp. 2818-2826. 10

[VPO22] VOLETIV,, PAL C., OBERMAN A. M.: Score-based denoising
diffusion with non-isotropic gaussian noise models. In NeurlPS 2022
Workshop on Score-Based Methods (2022). 2

[Wei98] WEICKERT J.: Anisotropic diffusion in image processing, vol. 1.
Teubner Stuttgart, 1998. 3

[YGLS24] YuX., GuX., Liu H., SUNJ.: Constructing non-isotropic
gaussian diffusion model using isotropic gaussian diffusion model for
image editing. Advances in Neural Information Processing Systems 36
(2024). 2

[YSZ*15] YU F., SEFF A., ZHANG Y., SONG S., FUNKHOUSER T.,
XIAO J.: Lsun: Constructionof a large-scale image dataset using deep
learning with humans in the loop. arXiv preprint arXiv:1506.03365
(2015). 10

Appendix A: Relation to ELBO objective in diffusion literature

In this section we explain how the loss derivation from a perspective
of minimizing the negative log-likelihood can be done for our formu-
lation, similar to what is discussed in the original DDPM [HJA20]
paper.

The denoising probabilistic model paradigm defined in the DDPM
paper defines the loss by minimizing a variational upper bound on
the negative log likelihood. Beca use our noise is still Gaussian, the
derivation they make in Eq. (3) to (5) of their paper still holds for us.
The difference however is that we are non-isotropically scaling our
noise based on the image content. As a result, our methods differ on
Eq. (8) in their paper. Instead, we end up with the following form of
this equation:

Ly—1 = Eq[(Z7 (dt(xr,X0) — o (xe:1)) (tie(%1,%0) — pig (x1,1)))]
(23)

In essence, for our formulation that considers non-isotropic Gaus-
sian noise, we need to apply a different loss scaling for each pixel.
A theoretically-founded weighted version of our loss function (in-
troducedin Eq. (16)) would then be the following:

L= %(Z_l(fe(xuf) —orer)), (fo(xe,t) — Orer)) (24)

However, note that in the original DDPM paper, the loss is also
simplified by removing the weighting, which they call the simplified
or reweighted loss (Eq. (14) in their paper). The authors argue
that this reweighting leads to improved sample quality. To save
computational resources, we follow a similar heuristic in our loss
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Table 3: Average FID score over first 10k training iterations for
our edge-preserving model and the isotropic model DDPM trained
on different frequency bands of the AFHQ-Cat(1282) dataset. ©
correspondsto the standard deviation of the Gaussian filtering kernel
used to obtain a certain frequency band of the dataset.

| FID(}) | 6=1.0 | 6=25| 6=50 | 6=75 | 6=10.0 |

DDPM 58.64 100.78 204.40 265.55 291.76
Ours 76.65 78.97 138.55 194.35 250.88

function where we remove the weighting. While our heuristic loss
function already proved effective, a more theoretically accurate loss
would include the scaling discussed above.

In our non-isotropiccase, L is dependenton both the clean data
xo and . Therefore, the scaling could be approximated by choosing
¥, such that ey ||%]| < ||Z(%0)e]| < c2|Z¢|], for some ¢}, ¢, > 0 and
for all xg, where ||.|| is an appropriatenorm.

Appendix B: Analysis of model’s capacity across different
frequency bands

To better understandthe impact of edge-preserving noise on model-
ing the target distribution, we conducted an analysis on its training
performance for different frequency bands. Our setup is as follows,
we create 5 versions of the AFHQ-Cat128 dataset, each with a dif-
ferent cutoff frequency. This corresponds to convoluting each image
in the dataset with a Gaussian kernel of a specific standard devia-
tion G, representing a frequency band (as o increases, fewer high-
frequency components are preserved). For each frequency band,
we then trained a model with edge-preserving noise and a model
with isotropic noise (DDPM) for a fixed amount of 10000 train-
ing iterations. We place a model checkpoint at every 1000 itera-
tions, and computed the average FID score (N = 1000 samples) per
frequency band over all these checkpoints. We present the corre-
sponding results in Table 3. These preliminary results suggest that
edge-preserving noise improves learning of low-to-mid frequencies
compared to isotropic noise.

Appendix C: Implementationdetails of experiments

We compare our method against two baselines that use an isotropic
form of noise, namely DDPM [HJA20] and Optimal TransportFlow
Matching (OT-FM) [LCBH *22].

We performunconditionalgeneration experiments on two settings:
pixel-space diffusion following the setting of [HJA20, RHS23]
and latent-space diffusion following [RBL *22] noted as LDM
in Table 1, where the diffusion process runs in the latent space.
We also experimented with edge-preserving noise applied to the
framework of flow matching. Besides this, we perform an exper-
iment on shape-guided generation, as summarized in Fig. 4, and
an analysis on the capabilities of our model to learn different fre-
quency bands of the data, further explained in Appendix B. We
used the following datasets: CIFAR-10 (322, 50,000 training im-
ages) [KH*09], CelebA (642 (flow matching), 1282 (diffusion),
30,000 trainingimages) [LLWL20], AFHQ-Cat (1282, 5,153 train-
ing images) [CUYH20], Human-Sketch (1282, 20,000 training im-
ages) [EHA12] (see Fig. 9) and LSUN-Church (1282, 126,227
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Figure 8: We visualize image latents for the AFHQ-Cat(512°)
dataset. Notice that most of the structural content of the image
remains preserved in the latent space. Therefore, it makes sense to
also apply edge-preserving noise in the latent space (also see Table 1
and Fig. 15).

training images) [YSZ *15] for pixel-space diffusion and/or flow
matching. For latent-space diffusion [RBL *22], we tested on AFHQ-
Cat (5122).

We used a batch size of 64 for all experiments in image space, and
a batch size of 128 for all experiments in latent space. We trained
CIFAR-10(32%) and AFHQ-Cat (1282) for 1000 epochs, AFHQ-
Cat (5122) (latent diffusion) for 1750 epochs, CelebA( 1282) for
475 epochs and LSUN-Church(1282) for 90 epochs for our method
and the baselines we compare to. Our framework is implemented
in Pytorch [PGC*17]. For the network architecture we adopt the
2D U-Net from [RHS23]. We use T = 500 discrete time steps for
both training and inference, except for AFHQ-Cat (1282), where we
used T = 750. To optimize the network parameters, we use Adam
optimizer [KB14 ] with learning rate 1e~* for latent-space diffusion
models and 2¢ > for pixel-space diffusion models. We trained all

datasets on 2x NVIDIA Tesla A40.

For our final results, we used a linear scheme for A(¢) thatlinearly
interpolates between A, = le ™ and Amax = le . We used a
transition point7g = 0.5 and a linear transition function t(z).

To evaluate the quality of generated samples, we consider

FID [HRU*17]. using the implementation from [SCH*24], with
Inception-v3 network [SVI*16] as backbone. We generated 30k
images to compute FID scores for unconditional generation and

shape-guided generation, for all datasets.

Appendix D: Additional results
In this section, we provide additional results and ablations.

Table 1 shows quantitative FID comparisons using latent diffu-

sion [RBL *22] models on all the baselines. Figure 14, Figure 12,
Figure 13, Figure 15 show more generated samples and compar-

isons with DDPM on all previously introduceddatasets. In Fig. 9
we show samples for the Human-Sketch (128°) data set specifically.

© 2026 The Authors.
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This dataset was of particular interest to us, given the images only
consist of high-frequency, edge content. Although we observed that
this data is remarkably challenging for all methods, our model is
able to consistently deliver visually better results.

Figure 11 shows an additional visualization of the impact 7 for
the LSUN-Church (1282) dataset. te = 0.5 works best in terms of
FID metric, consistent to the results shown in Section 6.

DDPM Ours
Figure 12: More unconditionalsamples for DDPM (isotropic noise)

and our edge-preserving noise on the CelebA (128°) dataset.

Ours (FID: 40.03) DDPM (FID: 67.96)

Figure 9: Generated unconditionalsamples for the Human Sketch

(128°) dataset [EHA12]. Both models were trained for an equal
amountof 575 epochs.

Table 6: Additional CLIP-score comparisons [RKH"21] for stroke-
guided generation [MHS*22] show that our method consistently
outperforms the isotropic baseline, producing images that are more

semantically aligned with the originals. DDFM Ours
Figure 13: More unconditionalsamples for DDPM (isotropic noise)

CLIP- (@] DDPM
| score | Ours | | and our edge-preserving noise on the LSUN-Church (128°) dataset.
AFHQ-Cat(1282) 88.97 | 88.78 Although our results appear similar to DDPM’s, our method more
CelebA(1287) 61.15 | 61.02 effectively captures the geometric details of buildings and exhibits

LSUN-Church(128%) | 64.32 | 62.57 fewer artifacts, such as blurry regions, compared to DDPM.

© 2026 The Authors.
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.



12 of 13 Jente Vandersanden, Sascha Holl, Xingchang Huang, Gurprit Singh / Edge-preserving noise for diffusion models

CelebA (1282)

Church (128%)

Cat (128%)

Synthetic Blue noise  Isotropic Synthetic  Blue noise Isotropic Ours

painting painting
Figure 10: More samples for our model and other baselines applied to SDEdit [MHS*22]. Note how our model is able to generate sharper
results that suffer less from artifacts. Although BNDM can generate satisfactory results in certain cases (e.g., cat and church), it often deviates
from the stroke painting guide, potentially producing outcomes that differ significantly from the user’s original intent. In contrast, our method
closely follows the stroke painting guide, accurately preserving both shape and color.

FID: 39.31

0.25 0.75

Figure 11: Impact of location of transitionpointt g on sample quality, shown for the LSUN-Church (128°) dataset. If we place tg too far, the
model happens to learn only the lowest frequencies and generates no details at all. Placing it too early leads to results that are less sharp. We

found that by placing tg at 50%, we strike a good balance between the two, leading to better quantitative and qualitative results.

DDPM Ours DDPM Ours
Figure 14: More unconditionalsamples for DDPM (isotropic noise) Figure 15: More unconditionalsamples for DDPM (isotropic noise)
and our edge-preserving noise on the AFHQ-Cat ( 128%) dataset. and our edge-preserving noise on the AFHQ-Cat (512°, LDM)

dataset. All samples are generated via diffusion in latent space.
While difference in visual quality is subtle, Table 1 shows that our
noise framework improved the FID score.

© 2026 The Authors.
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Table 4: Shape-guided image generation (based on SDEdit [MHS"22]): precision (metric for realism) and recall (metric for diversity)
scores [KKL *19] for isotropic model DDPM, and our edge-preserving model. We consistently outperformin terms of precision, and closely
match in terms of recall.

Ours Isotropic noise
Shape-guided image generation | Precision (1)  Recall (1) | Precision (1)  Recall (1)
AFHQ-Cat(128?%) 0.93 0.80 0.92 0.66
CelebA(1282) 0.65 0.46 0.53 0.53
LSUN-Church(1282%) 0.87 0.46 0.84 0.50

Table 5: Unconditionalimage generation: precision (metric for realism) and recall (metric for diversity) scores for isotropic model DDPM, and
our edge-preserving model. While our model slightly get outperformed, we find that our edge-preserving model closely matches DDPM on
both metrics. We would therefore argue that edge-preserving noise minimally impacts diversity.

Ours Isotropic noise
Unconditionalimage generation | Precision (f)  Recall (1) | Precision ()  Recall (1)
AFHQ-Cat(128?%) 0.76 0.20 0.77 0.21
CelebA(1282) 0.90 0.16 0.92 0.17
LSUN-Church(1282) 0.65 0.33 0.47 0.38

Figure 16: Grid of predicted noises for a batch of 16 samples after
fine-tuning a model pre-trainedwith isotropic noise for 2000 epochs
on the AFHQ-Cat (128°) dataset. After fewer than 5k fine-tuning
iterations with edge-preserving noise, the model has already learned
the non-isotropic variance corresponding to the structures in the
data.
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