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Abstract. Diffusion models typically reconstruct coarse, low-frequency
structure before recovering high-frequency detail during the reverse de-
noising. However, the standard forward process injects Gaussian white
noise that corrupts all frequencies uniformly, creating a mismatch be-
tween forward corruption and reverse denoising and hindering the re-
covery of fine detail. We address this mismatch with an adaptive noise
covariance schedule that evolves along the geodesic on the Symmetric
Positive Definite (SPD) manifold under the Bures-Wasserstein (BW)
metric. Specifically, we evolve the covariance along the BW geodesic
from a blue-noise endpoint to a white-noise endpoint, so the noise power
spectrum transitions smoothly from high-frequency emphasis to uniform.
This transition better aligns forward corruption with reverse denoising
and enhances textural detail. We provide theoretical and quantitative
analyses showing that this transition path yields smoother noise power
spectrum evolution and lower noise power fluctuations. In addition, we
adapt the transition speed to the characteristics of each image, yielding
finer forward-reverse alignment and improved perceptual quality. Ex-
periments on multiple datasets show consistent gains over deterministic
diffusion baselines in FID and KID. Our code and pretrained models are
available at https://github.com/BolinDeng/RMDM.

Keywords: Time-varying noise covariance · Riemannian manifold · Dif-
fusion models

1 Introduction

Diffusion models have become a central paradigm for generative modeling, build-
ing on the seminal formulation of Sohl-Dickstein et al. [27] and subsequent ad-
vances by Ho et al. [12] and Song et al. [30]. They typically surpass Genera-
tive Adversarial Networks (GANs) in perceptual quality and training stability
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across image synthesis [9], text-to-image [25], video [6, 39], and audio [16]. A
diffusion framework consists of a forward process that maps data to a simple
prior and a reverse process that reconstructs data via iterative denoising. Re-
cent progress in diffusion models has explored continuous-time formulations [31],
improved samplers that reduce inference steps while preserving fidelity and sta-
bility [10, 15, 21, 28, 29], adaptive timestep selection and planning based on la-
tent features or denoising difficulty [7,37], and transformer-based denoising net-
works [22].

However, a key mismatch between reverse denoising and forward corrup-
tion remains underexplored. Specifically, the reverse process in diffusion models
typically reconstructs low-frequency structure before recovering high-frequency
detail, whereas the classical forward process injects Gaussian white noise with
a flat power spectrum that corrupts all frequency components uniformly. This
mismatch can hinder the synthesis of fine-grained textures. To mitigate it, Rissa-
nen et al. [24] formulate diffusion as the inversion of the heat equation, explicitly
connecting diffusion dynamics with frequency control. Huang et al. [14] intro-
duce a time-varying forward noise that transitions from blue noise to white noise
to better align the two processes.

Despite these advances, two limitations remain. (i) Off-geodesic covari-
ance transition. Noise covariance matrices reside on the SPD manifold, yet
existing methods overlook this and interpolate the Cholesky factors for blue
noise and white noise covariances in Euclidean space (Cholesky interpolation),
yielding covariance trajectories that deviate from geodesics on the SPD manifold.
Such deviation results in longer path length under Riemannian metrics, larger
noise power fluctuations, and anisotropic noise power spectrum evolution, which
can complicate denoising, require more sampling steps and degrade perceptual
quality. (ii) Lack of adaptivity. Different images exhibit distinct frequency
characteristics, yet existing methods rely on a single transition schedule that is
sensitive to dataset shifts, requires per-dataset retuning, and can degrade the
synthesis of fine-grained textures.

To address these issues, we decouple the choice of the transition path on
the SPD manifold from the transition schedule along it, enabling independent
optimization of each component. For the transition path, we treat the noise
covariance as a point on the SPD manifold and evolve it along the BW geodesic
between the blue-noise and the white-noise endpoint. This geodesic has a closed-
form expression and is the shortest path under the BW metric. As a result, it
yields smaller noise power fluctuations (Fig. 1) and a smoother evolution of the
noise power spectrum (Fig. 2) than Cholesky interpolation and other alternative
geodesic choices (e.g., geodesics under Affine-Invariant Riemannian metric and
Log-Euclidean metric), thereby better aligning forward corruption with reverse
denoising and improving textural detail and perceptual quality. For the transition
schedule, we introduce an adaptive blue-to-white schedule that modulates the
transition speed per image, thereby avoiding per-dataset schedule retuning and
yielding finer forward-reverse alignment, which improves perceptual quality.

In summary, our contributions are summarized as follows:
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– We introduce a noise covariance transition path based on the BW geodesic
on the SPD manifold. Our theoretical analysis and quantitative evaluation
show that this path yields smoother noise power spectrum evolution and
lower noise power fluctuations.

– We propose an adaptive covariance transition schedule that adjusts the speed
of the blue-to-white covariance evolution based on image characteristics.

– Extensive experiments demonstrate consistent improvements over determin-
istic diffusion models on FID and KID, and ablation studies validate the
effectiveness of each component.

2 Related Work

2.1 Diffusion Models

Classical diffusion models perturb data with independent Gaussian white noise
in the forward process so that the distribution converges to an isotropic Gaussian
prior as the corruption level increases. In parallel, recent studies have begun to
explore alternative ways of corrupting data in the forward process [3, 10, 13, 14,
24,26,36]. For example, Voleti et al. [36] introduce anisotropic Gaussian noise to
model correlations in the score-based framework and provide a detailed math-
ematical treatment. Bansal et al. [3] replace stochastic noising with completely
deterministic degradations such as blur and masking. Heitz et al. [10] propose
a minimalist deterministic forward process by iteratively blending the clean im-
age and noise. Sahoo et al. [26] apply spatially varying noise intensities and
re-examine the common assumption about ELBO invariance to the noise pro-
cess. Moreover, Rissanen et al. [24] formulate diffusion as the inversion of the
heat equation, explicitly connecting diffusion dynamics with frequency control.
Building on this, Hoogeboom et al. [13] combine Gaussian noise with blurring
to preserve structural fidelity while reintroducing stochasticity, leading to bet-
ter generation quality. To further align the forward process with the empirical
coarse-to-fine behavior of the reverse denoising, Huang et al. [14] introduce time-
varying noise that transitions from blue noise to white noise. Most prior work
focuses on what noise to inject or where to apply it, rather than how the noise
covariance should evolve on the SPD manifold. We decompose the covariance
evolution into a BW geodesic path on the SPD manifold and an adaptive co-
variance transition schedule, improving frequency alignment between forward
corruption and reverse denoising.

2.2 Geodesics on the SPD Manifold

A manifold is locally Euclidean but may have a non-Euclidean global struc-
ture [18]. With a Riemannian metric, it becomes a Riemannian manifold that
admits inner products on tangent spaces and induces notions of length, distance,
and geodesics [1]. A geodesic between two endpoints is the shortest path between
them with respect to the chosen metric and reflects the intrinsic geometry of the
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manifold. Consequently, linear interpolation in Euclidean coordinates is generally
not geometrically consistent on a curved manifold, even when the interpolated
points remain within the set of valid points, because it ignores the Riemannian
metric and its associated invariances. Since geodesics are metric-dependent, dif-
ferent metrics yield different shortest paths between the same endpoints.

The SPD manifold is the set of all real symmetric positive definite matrices,
and noise covariance matrices lie on this space [4]. Several Riemannian met-
rics are commonly used for the SPD manifold, each inducing a specific geome-
try and a corresponding family of geodesics suited to different modeling goals.
Specifically, the Log-Euclidean metric [2] maps SPD matrices to a flat vector
space via the matrix logarithm and returns via the matrix exponential, providing
closed-form operations with low computational cost while preserving positive-
definiteness. The Affine Invariant Riemannian Metric [23] is invariant under con-
gruence transformations and captures intrinsic curvature, which is useful when
invariance and smoothness are essential. The Bures-Wasserstein metric arises
from optimal transport between Gaussian measures and can be interpreted as
the 2-Wasserstein distance between zero-mean Gaussians, minimizing quadratic
transport cost between covariances [34, 35]. Different metrics induce different
geodesics between the same endpoints, and the choice is task-dependent. In our
setting, we adopt the BW geodesic, which yields smoother noise power spectrum
evolution and lower power fluctuations than Euclidean Cholesky interpolation.

3 Method

To investigate how the time-varying noise covariance influences generative per-
formance, we decompose the evolution of noise covariance into a transition path
on the SPD manifold and a transition schedule that controls transition speed.
To this end, we first review the necessary background.

3.1 Preliminary

Geodesics on the SPD manifold. Let Sn
++ denote the set of n× n SPD matrices

and let A,B ∈ Sn
++. The closed-form expression of geodesic joining A and B

under the Log-Euclidean metric (LE geodesic) is:

ΣLE
γ = exp((1− γ) logA+ γ logB), (1)

with γ ∈ [0, 1]. The closed-form expression of the geodesic joining A and B under
the Affine-Invariant Riemannian metric (AIRM geodesic) is:

ΣAIRM
γ = A1/2(A−1/2BA−1/2)γA1/2. (2)

The closed-form expression of BW geodesic joining A and B is defined as:

ΣBW
γ = (1− γ)2A+ γ2B + 2γ(1− γ)M. (3)

where M is the geometric mean:

M = A1/2(A−1/2BA−1/2)1/2A1/2. (4)
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Covariance transition via Cholesky interpolation. Let white noise covariance be
Σw = I, where I denotes the identity matrix, and blue noise covariance Σb ∈
Sn
++ with Cholesky factorization Σb = LbL

⊤
b . Rather than directly modifying

the noise covariance, Huang et al. [14] (referred to as BNDM) achieve noise
covariance transition by performing linear interpolation of Cholesky factors in
the Euclidean space (Cholesky interpolation) with the transition schedule γt ∈
[0, 1]:

CCH
γt

= (1− γt)Lb + γt I, (5)

where CCH
γt

denotes the coloring operator via Cholesky interpolation and colors
white noise ϵ∼N (0, I) to colored noise ϵt ∼N (0, ΣCH

γt
) by ϵt = CCH

γt
ϵ, where

ΣCH
γt

= CCH
γt

(CCH
γt

)⊤. The transition schedule γt is defined by a normalized
sigmoid function over t ∈ [0, T ] and is monotonically increasing:

γt =
σ((s+ (e− s)(t/T ))/τ)− σ(s/τ)

σ(e/τ)− σ(s/τ)
, (6)

σ(x) =
1

1 + e−x
, (7)

and is fixed with global constants s < e and τ > 0. Here, t denotes the discrete
timestep and T is the total number of diffusion timesteps.

For a fair comparison, we use BNDM as the host framework and replace only
the transition path and schedule. The architecture, objective and hyperparam-
eters remain unchanged. But our method can also be extended to DDIM [28].

3.2 Covariance Transition via the BW Geodesic

We replace the transition path induced by Cholesky interpolation with the BW
geodesic on the SPD manifold. We first give the blue-to-white closed forms for
time-varying covariance under different Riemannian metrics and the associated
coloring operators, and then compare their properties to show why we choose
the BW geodesic.

Geodesics from blue to white noise. For the blue-to-white noise transition con-
trolled by the schedule γt, we set A = Σb, B = I. For the covariance matrix
Σb, there exist an orthogonal matrix Q and a diagonal matrix Λ such that
Σb = QΛQ⊤ and Σ

1/2
b = QΛ1/2Q⊤. The BW geodesic from Σb to I is:

ΣBW
γt

=
(
(1− γt)QΛ1/2Q⊤ + γtI

)2

, (8)

and the associated coloring operator CBW
γt

is:

CBW
γt

= (1− γt)QΛ1/2Q⊤ + γt I. (9)

The LE and AIRM (LE/AIRM) geodesics share the same closed form, as do
their associated coloring operators:

ΣLA
γt

= QΛ1−γtQ⊤, (10)
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Fig. 1: Average noise power along the same transition schedule under different tran-
sition paths (top), and the cumulative absolute change in the average noise power
(bottom).

CLA
γt

= QΛ(1−γt)/2Q⊤. (11)

Why the BW geodesic. We explain why we chose the BW geodesic as the tran-
sition path through three aspects.

Average noise power fluctuations. Along the BW geodesic, the noise power
exhibits the smallest fluctuations, which benefits training stability and sam-
ple quality. Concretely, we quantify the average noise power δ2m by the mean
marginal variance of time-varying noise:

δ2m =
1

n
tr
(
Σγt

)
, (12)

where tr denotes the matrix trace and Σγt
denotes the noise covariance. As

shown in Fig. 1, the BW geodesic yields the smallest fluctuations in noise power,
LE/AIRM geodesics are intermediate, and the Cholesky interpolation induces
the largest fluctuations. Smaller noise power fluctuations make adjacent time
steps statistically closer, which reduces the variance of denoising targets and
gradients and leads to more stable training.

Sensitivity to the schedule γt. Along the BW geodesic, CBW
γt

exhibits position-
independent sensitivity to the schedule γt, which simplifies schedule tuning and
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Fig. 2: Noise power spectrum evolution from blue noise to white noise under different
transition paths on the SPD manifold. CH denotes Cholesky interpolation, which tends
to introduce anisotropic, oblique spectral artifacts during the transition. LA denotes
evolution along the LE/AIRM geodesic. BW denotes evolution along the BW geodesic,
which produces a smoother, more isotropic power spectrum evolution.

yields uniform coloring operator updates across the trajectory. Formally, let Cγt

map Gaussian white noise ϵ∼N (0, I) to noise with covariance Σγt . Its derivative
with respect to the schedule γt is:

C′
γt

≜
∂Cγ

∂γ

∣∣∣
γ=γt

, (13)

which quantifies how fast the coloring operator changes per unit increment of
γt. By the chain rule:

∂Cγt

∂t
= C′

γt

∂γt
∂t

. (14)

Hence, for the Cholesky interpolation:

(CCH
γt

)′ =
∂CCH

γt

∂γt
= I − Lb. (15)

For the LE/AIRM geodesics:

(CLA
γt

)′ =
∂CLA

γt

∂γt
= −1

2
QΛ(1−γt)/2 ln(Λ)Q⊤. (16)

For the BW geodesic:

(CBW
γt

)′ =
∂CBW

γt

∂γt
= I −QΛ1/2Q⊤. (17)

(CCH
γt

)′ and (CBW
γt

)′ are constant. Therefore,
∂CCH

γt

∂t and
∂CBW

γt

∂t are controlled
solely by ∂γt

∂t , and are independent of the instantaneous value of γt, so the same
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increment ∆γt induces the same update everywhere along the path. In contrast,

for LE/AIRM geodesics,
∂CLA

γt

∂t depends explicitly on the instantaneous value

of γt, making
∂CLA

γt

∂t more sensitive to the transition schedule γt. This position-
dependence introduces extra complexity as the effect of the same ∆γt varies
with the instantaneous value of γt, which makes the response more nonlinear
and harder to control.

Evolution of the noise power spectrum. Along the BW geodesic, the noise
power spectrum evolves isotropically, thereby reducing distribution drift across
timesteps for the denoising network. Specifically, since QQ⊤ = I, Eq. (8) can be
rewritten as:

ΣBW
γt

= Q
(
(1− γt)Λ

1/2 + γtI
)2

Q⊤. (18)

Eq. (10) and Eq. (18) show that along the BW and LE/AIRM geodesics the
eigenvectors of the noise covariance remain fixed, while only the eigenvalues vary
smoothly. Consequently, the noise power spectrum evolves isotropically from
blue to white and is free of directional artifacts. In contrast, for the Cholesky
interpolation, the eigenvectors of ΣCH

γt
vary with γt and generally have no closed

form (we prove this in the Supplementary material by projecting ΣCH
γt

onto
the eigenspace of Σb), yielding anisotropic power spectrum evolution. As shown
in Fig. 2, for the power spectrum of ΣBW

γt
and ΣLA

γt
, the central low-frequency

hole shrinks steadily and the rings fade uniformly until the spectrum becomes
flat (white noise), whereas the power spectrum of ΣCH

γt
exhibits anisotropic and

oblique artifacts. Such power spectrum drift increases the difficulty of denoising,
undermines robustness, and ultimately degrades sample quality.

Overall, the BW geodesic provides smoother power fluctuations, position-
independent sensitivity to the transition schedule, and isotropic power spectrum
evolution. We therefore choose the BW geodesic as the covariance transition
path.

3.3 Adaptive Transition Schedule

Since the CBW
γt

responds uniformly to the transition schedule, a single global
parameter provides a parsimonious yet effective control of the schedule. We thus
retain the normalized sigmoid family in Eq. (6) and make only its temperature
τ adaptive. The adaptive transition schedule γa

t is defined as:

γa
t =

σ((s+ (e− s)(t/T ))/τz)− σ(s/τz)

σ(e/τz)− σ(s/τz)
, (19)

where τz > 0 denotes the adaptive temperature parameter that controls the
transition speed and is predicted from a latent z by a small MLP network p with
parameter θ:

τz = pθ(z). (20)
The latent z is associated with the image x0. Specifically, we learn a Variational
Autoencoder (VAE)-style posterior:

qϕ(Z | x0) = N
(
µϕ (x0) ,diagσ

2
ϕ (x0)

)
, (21)
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Algorithm 1 Training
1: Repeat
2: x0 ∼ p(X0), t ∼ U({1, ..., T}), ϵ ∼ N (0, I)
3: z ∼ qϕ(Z | x0)
4: τz ← pθ(z), αt ← t/T
5: γa

t ← Eq. (19)
6: CBW

γa
t
← (1− γa

t )QΛ1/2Q⊤ + γa
t I

7: xt ← αtC
BW
γa
t

ϵ+ (1− αt)x0

8: Take gradient descent step on ∇θ,ϕ,φ L
9: Until converged

Algorithm 2 Sampling
1: x, z ∼ N (0, I)
2: τz ← pθ(z)
3: for t← T to 1 do
4: γa

t , γ
a
t−1 ← Eq. (19)

5: αt ← t/T, αt−1 ← (t− 1)/T
6: x← x+∆αtf

(1)
φ (x, t) +∆γa

t f
(2)
φ (x, t)

7: end for
8: return x

where x0 denotes the clean image, diag(·) forms a diagonal covariance matrix
from a vector, Z denotes the latent random variable, µϕ and σ2

ϕ denote predicted
mean and variance, respectively. During training, we sample z ∼ Z via the
reparameterization trick:

z = µϕ (x0) + σϕ (x0)⊙ ϵ, ϵ ∼ N (0, I), (22)

and regularize Z toward the prior p(Z) = N (0, I) via a Kullback-Leibler (KL)
regularizer term KL

(
qϕ(Z | x0) ∥N (0, I)

)
. During the sampling process, we

discard the VAE-style encoder qϕ and sample z ∼ N (0, I). Here, ⊙ denotes the
element-wise product.

Since we only modify the transition path and schedule of blue-to-white noise,
the forward process and reverse process update rules remain identical to those
in [14]. Under our adaptive transition schedule along the BW geodesic, the for-
ward process is defined as:

xt = αtC
BW
γa
t

ϵ+ (1− αt)x0, (23)

where αt ∈ [0, 1]. The reverse process can be written as:

xt−1 = xt +∆αt(x0 −CBW
γa
t

ϵ) +∆γa
t αt−1(QΛ1/2Q⊤ − I)ϵ, (24)

with ∆αt = αt−αt−1 and ∆γa
t = γa

t − γa
t−1. Let the two terms in Eq. (24) be

the learning objectives of the denoising network:

h1 = x0 −CBW
γa
t

ϵ, (25)
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and:
h2 = αt−1(QΛ1/2Q⊤ − I)ϵ. (26)

We split the output of the denoising network fφ into two parts, denoted as
f (1)
φ (xt, t) and f (2)

φ (xt, t) to predict h1 and h2, respectively. Therefore, our loss
function is defined as:

L = Ex0∼p(X0), t

[
f (1)

φ (xt, t)− h1)
2 +

∆γa
t

∆αt
(f (2)

φ (xt, t)− h2)
2

+ βKL
(
qϕ(Z | x0) ∥N (0, I)

)]
,

(27)

which optimizes θ, ϕ, φ jointly, where p(X0) denotes the true data distribution,
β is the weight for the KL regularizer and the KL term is applied per training
example and encourages qϕ(Z | x0) to match the prior p(Z) = N (0, I), en-
suring training and sampling consistency. Training and sampling algorithms are
summarized in Algorithm 1 and Algorithm 2, respectively, where U denotes the
uniform distribution and the encoder qϕ is not used during sampling.

4 Experiments

4.1 Implementation Details

We conduct experiments on the CelebA [19], AFHQ [8], AFHQ-Cat [8], and
LSUN-Church [38] datasets. Our framework is implemented based on the official
codebase of Huang et al. [14]. The network architecture of the denoising net-
work, the blue noise covariance Σb, and the hyperparameters remain consistent
with Huang et al. [14]. Specifically, the architecture of the denoising network
remains a U-Net. For the number of steps, we use T = 1000 during training and
T = 250 for sampling. We set the s and e in Eq. (19) as 0 and 3, respectively.
The encoder qϕ is a lightweight CNN followed by three residual blocks, and the
temperature predictor pθ is a two-layer MLP. For the learning rate of the denois-
ing network with parameter φ is set to 1× 10−4, while the learning rate for the
encoder and MLP are set to 1×10−5, with the weight β = 1. Σb is obtained from
offline statistics and Σ

1/2
b = QΛ1/2Q⊤ is computed via offline eigenvalue decom-

position. Network parameters are optimized using the AdamW optimizer [20].
Evaluation metrics include FID [11], KID [5], Precision, and Recall [17] to mea-
sure the generative quality of all models. These metrics are computed based on
the implementation in [32], using the Inception-v3 network [33] as the backbone.
More details can be found in the Supplementary material.

4.2 Unconditional Image Generation

We compare our method with the stochastic baseline DDPM [12], as well as
deterministic baselines DDIM [28], IHDM [24], IADB [10], and BNDM [14] for
unconditional image generation. To ensure fair comparisons, we generate sam-
ples per dataset using the same initial Gaussian white noise for all methods.
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Table 1: (a) Comparison of FID across multiple datasets in the pixel space. (b) Com-
parisons including FID, KID, Precision, and Recall in the pixel space.

FID (↓) IHDM DDPM DDIM IADB BNDM Ours

AFHQ-Cat (642) 11.02 9.75 9.82 9.18 7.95 6.17
AFHQ-Cat (1282) 15.40 12.41 10.73 10.81 9.47 8.47

CelebA (642) 14.30 8.56 9.26 7.53 7.17 6.19
LSUN-Church (642) 17.76 13.07 16.46 9.95 11.35 8.26

(a)

Dataset Method FID↓ KID↓ Precision↑ Recall↑

AFHQ-Cat (642)
IADB 9.18 0.0062 0.72 0.37
BNDM 7.95 0.0052 0.73 0.49
Ours 6.17 0.0034 0.79 0.45

AFHQ-Cat (1282)
IADB 10.81 0.0068 0.78 0.31
BNDM 9.47 0.0063 0.78 0.34
Ours 8.47 0.0050 0.80 0.32

LSUN-Church (642)
IADB 9.95 0.0073 0.84 0.44
BNDM 11.35 0.0091 0.79 0.48
Ours 8.26 0.0064 0.82 0.48

AFHQ (642)
IADB 11.06 0.0053 0.68 0.69
BNDM 12.79 0.0069 0.61 0.74
Ours 9.51 0.0043 0.69 0.69

AFHQ-Cat (2562)
IADB 12.56 0.008 0.80 0.37
BNDM 13.50 0.011 0.79 0.39
Ours 8.90 0.004 0.82 0.41

CelebA (2562)
IADB 19.25 0.012 0.80 0.40
BNDM 16.11 0.010 0.83 0.38
Ours 12.14 0.006 0.86 0.40

(b)

For BNDM, we adopt their transition schedules without additional tuning; a
schedule-sensitivity check is provided in the Supplementary material.

As shown in Tab. 1a, our method achieves the best FID on all datasets,
indicating consistent gains in perceptual quality. Tab. 1b further reports KID,
Precision, and Recall for IADB, BNDM, and our method. Our approach attains
the lowest KID on all datasets and achieves the highest Precision in most cases,
while maintaining Recall comparable to baselines. Additionally, on the AFHQ
(642) dataset, BNDM yields a higher FID score than IADB. A plausible ex-
planation is that AFHQ has greater diversity (three domains of cat, dog, and
wildlife), and a single transition schedule may not accommodate the frequency
characteristics of all images, whereas our method remains effective. For quali-
tative evaluation, Fig. 3 visualizes image generation results on the AFHQ-Cat
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Fig. 3: Image generation comparisons among IADB, BNDM and Ours on AFHQ-Cat
dataset. Our method achieves the best visual quality, producing more realistic images
with sharper textures and fewer artifacts.

Table 2: Comparison of the FID score between BNDM and Ours across different
numbers of sampling steps T .

T = 5 T = 15 T = 25 T = 50 T = 75 T = 100 T = 125 T = 250

AFHQ-Cat
BNDM 82.93 15.20 10.58 8.48 8.11 8.00 7.96 7.95

Ours 57.35 11.85 8.38 6.74 6.38 6.26 6.21 6.17

AFHQ
BNDM 130.27 18.98 13.33 11.96 12.12 12.30 12.43 12.79

Ours 83.28 17.04 11.57 9.70 9.47 9.37 9.38 9.51

dataset. Compared with IADB and BNDM, our method produces sharper eye
contours, cleaner mouth and whiskers, richer fur textures, and fewer artifacts,
with more natural color transitions. Overall, our method delivers the best FID
and KID across all datasets while maintaining diversity comparable to baselines,
and yields clear improvements in fine textures and reduced artifacts.

4.3 Extensions and Efficiency

We compare the FID score of our method with BNDM under different sampling
steps T . As shown in Tab. 2, compared with BNDM, our method demonstrates
superior performance across all step counts T . Moreover, we extend our approach
to DDIM. As shown in Tab. 3, on the AFHQ-Cat dataset, the DDIM variant of
our method achieves lower FID than the original DDIM and the BNDM-style
DDIM extension. We also support conditional generation, such as image super-
resolution. For image super-resolution, the learnable τz that controls the blue-
to-white noise transition schedule is predicted from the low-resolution input.
The denoising network receives the noisy image and the low-resolution image
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Table 3: Preliminary results on comparing DDIM, BNDM-(DDIM) and Ours-(DDIM)
on the AFHQ-Cat dataset. BNDM-(DDIM) means extending BNDM to DDIM, Ours-
(DDIM) means extending ours to DDIM, respectively.

Method DDIM BNDM-(DDIM) Ours-(DDIM)

FID (↓) 9.82 7.11 6.33

Table 4: Image super-resolution performance of IADB, BNDM and our method. Our
method outperforms IADB and BNDM in terms of PSNR.

PSNR (↑) IADB BNDM Ours

AFHQ-Cat (642 to 1282) 29.15 29.30 30.01
AFHQ-Cat (322 to 1282) 23.91 23.94 24.29
AFHQ-Cat (1282 to 2562) 28.93 29.28 29.65

AFHQ (642 to 1282) 29.05 28.98 29.48

concatenated along the channel dimension as its input. As shown in Tab. 4, our
method shows consistent improvements over IADB and BNDM according to the
PSNR metric.

For efficiency, we report the total parameter count, per-step training GFLOPs,
and wall-clock time for training 100 epochs on CelebA-256 in Tab. 5. Our method
introduces 0.98M additional parameters, with limited increases in computational
cost and training time.

4.4 Ablation Study and Analysis

We conduct ablation experiments on the AFHQ-Cat dataset.
Different transition paths with fixed schedule. To confirm the role of the BW

geodesic as a transition path, we compare it with results from Cholesky inter-
polation and the LE/AIRM geodesics under a shared fixed schedule. As shown
in Tab. 6, the BW geodesic attains the best FID, KID, Precision and Recall,
outperforming both Cholesky interpolation and the LE/AIRM geodesics, which
matches our analysis in Sec. 3. We also observe that the LE/AIRM geodesics
exhibit performance comparable to that of Cholesky interpolation. As discussed
in Sec. 3, although Cholesky interpolation induces larger power fluctuations and
anisotropic power spectrum evolution, LE/AIRM geodesics are more sensitive to
the transition schedule. Consequently, with a fixed transition schedule γt, these
effects partly offset, leading to similar performance.

Adaptive transition schedule for different paths. We enabled the adaptive
transition schedule on different paths to investigate its impact. As shown in Tab. 6,
the performance of LA+A shows a marked decline, which agrees with our anal-
ysis in Sec. 3 that the evolution of the coloring operator for LE/AIRM geodesics
is more sensitive to the transition schedule, making it hard to control and train.
This sensitivity is further amplified under the adaptive transition schedule and
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Table 5: Computational efficiency on CelebA-256. We report the additional per-step
training costs of the encoder (Enc.), predictor (Pred.), and coloring operation (CO),
together with the total training GFLOPs.

Method Parameters (M)
Training GFLOPs

Wall-clock (h)
Enc. Pred. CO Total

IADB 118.9 – – – 196.91 5.7
BNDM 118.9 – – 1.61 198.75 6.0
Ours 119.9 3.81 1.65e-5 1.61 202.56 6.2

Table 6: Ablation study on different combinations of blue-to-white noise transition
path and schedule on AFHQ-Cat. F means a shared fixed transition schedule, and A
means the adaptive transition schedule, respectively.

Transition methods FID (↓) KID (↓) Precision (↑) Recall (↑)

CH+F 7.95 0.0052 0.73 0.49
LA+F 7.95 0.0047 0.72 0.43
BW+F 6.40 0.0034 0.76 0.49

CH+A 6.43 0.0037 0.78 0.44
LA+A 8.36 0.0053 0.69 0.44
BW+A 6.17 0.0034 0.79 0.45

produces a larger degradation than with a fixed schedule. In contrast, both
Cholesky interpolation and BW geodesic benefit from the adaptive schedule and
achieve lower FID than their fixed-schedule versions. Overall, the combination
of the BW geodesic and adaptive schedule achieves the best results.

5 Conclusion

We revisit the mismatch between forward corruption and reverse denoising in dif-
fusion models and address it by modeling the forward noise with time-varying co-
variance on the SPD manifold. Specifically, we decompose the evolution of noise
covariance into a transition path on the SPD manifold and a transition sched-
ule. We adopt the BW geodesic as the path between the blue-noise and white-
noise covariances and learn an adaptive schedule. Compared with off-geodesic
Cholesky interpolation and geodesics under other metrics, the BW geodesic-
based transition path yields lower power fluctuations and smoother noise power
spectrum evolution across timesteps, which reduces distribution drift between
consecutive timesteps and eases reverse denoising. Extensive experiments across
multiple datasets and deterministic baselines show consistent improvements in
FID and KID, and ablations further corroborate both the correctness of our
theoretical analysis and the effectiveness of our method. Overall, our method
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provides finer forward-reverse alignment and improved perceptual quality with-
out modifying the denoising network.
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