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Abstract

Diffusion models show promise for image restoration, but existing methods often
struggle with inconsistent fidelity and undesirable artifacts. To address this, we
introduce Kernel Density Steering (KDS), a novel inference-time framework pro-
moting robust, high-fidelity outputs through explicit local mode-seeking. KDS
employs an N-particle ensemble of diffusion samples, computing patch-wise ker-
nel density estimation gradients from their collective outputs. These gradients steer
patches in each particle towards shared, higher-density regions identified within
the ensemble. This collective local mode-seeking mechanism, acting as collective
wisdom”, steers samples away from spurious modes prone to artifacts, arising from
independent sampling or model imperfections, and towards more robust, high-
fidelity structures. This allows us to obtain better quality samples at the expense of
higher compute by simultaneously sampling multiple particles. As a plug-and-play
framework, KDS requires no retraining or external verifiers, seamlessly integrating
with various diffusion samplers. Extensive numerical validations demonstrate KDS
substantially improves both quantitative and qualitative performance on challenging
real-world super-resolution and image inpainting tasks.

1 Introduction

Image restoration (IR) seeks to recover a high-quality image « from its degraded observation y.
Recently, diffusion models (DMs) [1-3] have been successfully applied to challenging IR tasks [4-8],
including super-resolution (SR) [9-14], image deblurring [15-17], and image inpainting [18-20].
DMs operate on a dual process: a forward process introduces noise to a clean image « over T
timesteps, creating a sequence of noisy latents z; where z is approximately pure noise. A learned
reverse process then iteratively refines these latents from z back to an estimate of 2.

To enable DMs for IR task, a straightforward way is to train diffusion models directly conditioned
on information ¢ derived from the low-quality image y [21-23]. Conditioning can be implemented
through various techniques, for example, input concatenation [21], cross-attention [24, 25], adapters
like ControlNet [26] or LoRA [27]. This allows the model’s network €y (2, t, ¢) to estimate the con-
ditional score function V ,logp; (x:|c) to directly approximate target score function V, logp:(zt|y),
enabling standard sampling at inference.

A key challenge here lies in navigating the perception-distortion trade-off [28]. Standard posterior
sampling can yield perceptually sharp results, but often suffers from high distortion and hallucinations.
Conversely, averaging multiple independent samples approximates the Minimum Mean Squared
Error (MMSE) estimate, minimizing average distortion but leading to blurriness and poor perceptual
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Figure 1: Conceptual illustration of Kernel Density Steering (KDS) for diffusion sampling. Left:
Standard diffusion sampling with independent particles (blue dots) can result in high variance.
Right: KDS utilizes the ensemble of particles to estimate local density. It then guides these
particles towards shared high-density modes (peaks in the density curve) during the diffusion process.

quality [29]. Neither extreme is ideal for high-quality IR. Many existing methods improve this
trade-off by additional model training or specialized network architectures [4, 29—-34].

This paper introduceernel Density Steering (KDS) an inference-time framework designed to
improve the distortion-perception trade-off without requiring any model retraining. KDS leverages
collective information from am -particle ensemble by steering particles towards regions of high
concentration within the predicted solution ensemble.

This mechanism is implemented as a two-step process. First, at eathtsteplenoiser predicts
the clean data(()') for each particlé. Second, it performs a non-parametric mode-seeking operation

to steer each predictiotﬂ) toward a local region of high density. This is achieved by implicitly
estimating the ensemble’s density using Kernel Density Estimation (KB& 3] and then applying
a single mean-shift update—which is equivalent to a gradient ascent step on this estimated density—to

nd a consensus poiritg):
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This re ned estimat&g) de nes a new consensus scos@,). The original and consensus scores are
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where ; is the KDS guidance strength. Thus, particles are guided by the original score and the KDS
term. This term functions as a form of collaborative Itering, using non-parametric mode-seeking
to guide the ensemble toward areas of high consensus. This adaptive, internal guidance aims for
restorations that are both quantitatively accurate and perceptually sharp.

To demonstrate the effectiveness of this approach, we rst evaluate KDS's impact on posterior
sampling in a controlled synthetic task. Subsequently, we provide extensive empirical validation,
showing signi cant improvements in both quantitative performance and qualitative robustness on
challenging real-world SR and inpainting tasks.

Our contributions are: (1) We introduce Kernel Density Steering (KDS), a novel ensemble-based,
inference time guidance method that uses patch-wise KDE gradients to steer diffusion sampling
towards high-density posterior mod€g) KDS improves the distortion-perception trade-off in image
restoration by operating directly on the sampling process without retrai8hiVe design a patch-

wise mechanism to overcome the curse of dimensionality, enabling KDS to scale to high-dimensional
latent space(4) Empirical validation showing signi cant improvements in delity, perception, and
robustness on challenging real-world super-resolution and inpainting tasks.



2 Background

2.1 Latent Diffusion Models

Latent Diffusion Models (LDMs)24] ef ciently perform image generation by operating in a lower-
dimensional latent space learned by a pre-trained autoenc®denitigating the computational cost
of pixel-space methods on high-resolution images. The autoencoder includes an &tggring
an imagex to a latentz = E(x), and a decoddd mappingz back toR = D(z).

The forward diffusion process gradually adds Gaussian noise to the target latent samplX o)
overT timesteps according to a noise scheduleThis process results in the following marginal
distribution for the latent; at any timestep:

. P ¥
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The reverse process aims to generate a clean latent vazipblem a noisy latent variabler
N (0;1). This is achieved by training a neural networKz; ; t) to predict the noise componentthat
was added during the forward process. This predicted noise is directly related to the score function
of the noisy latent distributiop; (z¢): r 2, logp: (z:) 911—71 (z¢;1). By accurately predicting
the noise, the network learns to estimate this score function, thereby implicitly capturing the data
distributionp(z;) at different noise levels.

To sample from the learned distribution, Denoising Diffusion Implicit Models (DDIBg pffer
a fast, non-Markovian sampling procedure. The sampling step #rotm z; ; in DDIM, which
predicts the latent stateat 1 baseg on the estimated clean latent at tinis given by:
z 1 it C p
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At the end of sampling, the predicted is then decoded bl to obtain the generated imagg.

2.2 LDM for Image restoration

Two primary methods exist for leveraging diffusion models in IR. Conditional LDMAS[ 9—

11, 15, 16, 18-20, 39], learn the posteriop(zjc) directly, where the conditioningis derived fromy .

These models can be highly effective but may face challenges in accurately modeling the true posterior
for complex degradations, potentially impacting restoration delity. Alternatively, unconditional
LDMs can be employed with inference-time guidance using Bayes' rdile4p]. These methods
typically require computing gradients of the log-likeliholedp(yjx;) (often approximated via the
estimateX ;). This necessitates knowledge of the degradation process (e.g., the operator

y  Ax), limiting their applicability in scenarios where the degradation is unknown or cannot be
accurately modeled which is the case in many real-world image SR or deblurring.

2.3 Inference-Time Scaling in Diffusion Models

Merely increasing the number of denoising steps (NFESs) for a single sample yields diminishing
returns f16], motivating research into more effective inference-time stratediggip]. One prominent
avenue, particularly explored in Text-to-Image (T2l) generation, involves actively searching for
optimal initial noise vectorsz{ ) or resampling generation trajectories, often guided by external
veri ers (e.g., CLIP score, pre-trained classi ers) to build a reward function and select promising
candidates47, 48]. However, this introduces reliance on these external veri ers, which can suffer
from biases or misalignment with the true image restoration (IR) target.

A second class of strategies are speci cally designed for imaging inverse problems. These often
employ ensemble methods, such as those based on Sequential Monte Carlo (SMC) techgiques [
52], employ likelihood approximation and reweighting sampling trajectories to achieve more accurate
approximation of the posterior distributigaixjy) with unconditional DMs. These approaches,
however, require accurate knowledge of the degradation model speci c to the IR task. This assumption
is often invalid in many real-world applications, such as real-world image SR and deblurring.

In contrast to both these approaches, KDS introduces an ensemble method that operates without
external veri ers or the need for the knowledge of degradation model. By focusing on internal



consensus guidance derived directly from particle interactions within the ensemble, KDS offers a
more robust and broadly applicable solution for enhancing image restoration quality.

2.4 Mean Shift for Mode Seeking

Mean Shift B3, 54] is a non-parametric clustering and mode-seeking algorithm. Given a set of
pointsfx«gh-, , the goal is to nd the modes (local maxima) of the underlying density function.
The algorithm iteratively shifts each point towards the local mean of points within its neighborhood,
weighted by a kernel function (often Gaussian). For a poiahd a kerneK with bandwidthh, the
mean shift vector is calculated as:
P 2
I':‘:l K h);kk Xk

m(x) = P — X: (6)

k=1 h2

A crucial property of the mean shift vectan(x), is its direct proportionality to the gradient of

the logarithm of the Kernel Density Estimate (KDEB)(x) /r «logpk (x): Therefore, iteratively
updating a point by adding its mean shift vectar ( x + m(x)) is an effective method for
performing gradient ascent on the KDE, guiding the point towards a local mode of the estimated
density. This established connection is leveraged in our proposed KDS framework.

3 Kernel Density Steering for Diffusion Samplers

Kernel Density Steering (KDS) is an inference-time technique for Image Restoration that enhances
diffusion model sampling by leveraging &h-particle latent ensembl&,; = fzt(')g{\‘:l . Standard
diffusion sampling can result in outputs with inconsistent delity and undesirable artifacts. KDS
addresses this by guiding all particles towards regions of high consensus within their own ensemble

which is hypothesized to lead to more robust and high- delity restorations.

KDS achieves this ensemble-driven mode-seeking by incorporating an additional steering term into
the sampling update for each particle. This steering is inspired by the Mean Shift algorithm (Sec. 2.4).

Speci cally, for each particle, KDS computes a mean shift veoucérzt(i)) based on the current

ensembleZ ;. Then KDS steering is applied by taking a step in the direction of this mean shift vector,
which directs to a local mode of the ensemble's Kernel Density Estimate (KDE).

3.1 Patch-wise Mechanism and Integration

Directly applying KDE and mean shift in the full, high-dimensional latent sgade not achievable.

A prohibitively large number of particles would be needed to obtain a reasonable density estimate
via KDE in such high-dimensional spaces. To address this, we introduce a patch-wise mechanism to
apply the KDS principle to smaller, more manageable, lower-dimensional patches. These patches

are extracted from the predicted clean latent sté;l{ecorresponding to each partidéi) in the

ensemble. This predicted clean Iatd‘g), is the output of the diffusion model's denoising step at

timet, obtained via:

2&3: pit z T @t )

Patch-wise Mechanism:To the ensemble of predicted clean latent st&ﬁ%’# g\, , our patch-wise
mechanism involves the following steps at each timestep
1. Patch Extraction:For each predicted clean Iateﬁ*gﬁ in the ensemble (obtained from Eq. 7),

extract a set of non-overlapped patchpg)gj where we have omitted the time index to simplify

the notation. This yields an ensemble of corresponding patehes f pj(k)gE:l for each given
spatial patch locatio.

2. Compute and Apply Patch-wise Steerifigr each patcpj(i) (from particlei at locationj), its
mean shift vectom (pj(')) is rst computed based on the local ensemble of corresponding patches
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P, = fpj(k)gﬁ‘:l . This vector, which directs the patch towards a region of higher consensus
within the ensemble, is given by:

P kpi POk (k)

) =1 " Pi
m(p] ) - P N kpi(l) pj(k)kz
k=1 G h2

p": (8)

Here,G is a Gaussian kernel function ahds the bandwidth hyperparameter. As discussed in

Sec. 2.4, this vectan (pj(i)) points from the current patch towards the estimated local mode of
its ensemble's density. This computed mean shift vector is then used to update the patch:

(S p e m(p): ©

where ; 2 [0; 1] is a time-dependent steering strength.

é;i have been
updated td ﬁj(i);KDng , they are reassembled by direct replacement to original coordinate to
form the KDS-re ned clean latent predictiox&\éﬁ;KDS

3. Reconstruct Guided Latent PredictioAfter all patched pj(i)g,- from a given?,

Integration with Diffusion Samplers: KDS integrates seamlessly with standard diffusion samplers
(e.g., rst-order ODE DDIM solver and high-order ODE DPM-Solver56]). At each sampling

stept, the sampler rst computes the predicted clean latent for each parx@}le,using (Eqg. 7).

Patch-wise KDS is then applied to this ensemble of predicmdré}% g, to produce the ensemble of
(i);KDS
ojt _
compute the next latent stattasf')lgi“:1 . After the full reverse diffusion process, an ensemble of

KDS-guided clean latent statés(()i);KDSgi’\‘=1 is obtained.

re ned predictionsf 2 g\, . The sampler subsequently uses these KDS-re ned estimates to

Final Particle Selection: To produce a single, representative output image from an ensemble of
generated candidata‘ez‘(()')”<'35gi’\':l , a selection is made in the latent space. Our proposed strategy is
to choose the latent vector from the ensemble that is closest to the ensemblesgnean
pelected= arg min k2l)  zok’: (10)
2‘0'
This selected latent vectage'®edis then transformed by the decod®into the nal imageRo, as
represented by the equatigp = D (25¢ectey.

4 Experiments

In this section, we present experiments to numerically evaluate our proposed method. First, we utilize
a 2D toy example (Sec. 4.1) to visually illustrate the impact of our proposed Kernel Density Steering
on the diffusion model sampling process, providing intuition for its mechanism. Subsequently,
we demonstrate the effectiveness and practical applicability of our approach on two challenging
real-world tasks: image super-resolution (SR) (Sec. 4.2.1) and image inpainting (Sec. 4.2.2).

4.1 KDS Sampling in a 2D Example Case

To visualize KD§‘S effect, we consider sampling from a 2D Mixture of Gaussians (MoG) target distri-

butionp(x ) = 5:1 N (Xo; ¢ ¢). Inthis controlled setting, the exact scorg, logp; (x ) of
the noisy distribution is known. KDS is applied by adding its steering term (derived from Eg. 9 using

the 2D particle statefsxgi) g\, ) to the update driven by the exact score within a DDIM sampler. As
the data dimension here is very low, we let the patch size equal to the full data size.

As illustrated in Figure 2, KDS signi cantly sharpens the resulting sample distribution. Samples
cluster more tightly around the true mode meang)( effectively reducing the spread (variance)

of samples within each mode compared to using the exact score alone. This occurs because KDS
actively guides particles towards their respective mode centers—which correspond to regions of high
sample density in the ensemble—thereby improving concentration of samples around each mode.



Figure 2: Kernel Density Steering (KDS) sharpens sample distributions in a 2D Mixture of Gaussians
(MoG) toy problem. The target distributiqgefx o) consists of three distinct Gaussian modes. Samples
are drawn using DDIM with the exact score function (purple dots) versus DDIM augmented with
KDS (green dotsN = 50 particles). KDS guides particles through the reverse diffusion progresses,
leading to signi cantly higher sample concentration at the mode peaks compared to standard DDIM.

Table 1: Super-Resolution Performance on DIV2K dataset with DDIM (50 steps)

Method PSNR SSIM LPIPS§ NIMA DISTS (# MANIQA CLIPIQA FID (#)
LDM-SR 2205 0.531 0.307 4922 0.179 0.390 0.594 20.89
+KDS (N =10) 2237 054%® 0.292  4.94% 0.17& 0.39%  0.60R  20.7%
DiffBIR 2156 0.488 0.377 5.195 0.223 0.566 0.730 32.28
+KDS (N =10) 22.4® 053 0.34®2  521® 0.220 057  0.74®  30.67
SeeSR 2243 0573  0.340 4902 0.200 0.423 0.605 25.96

+KDS(N =10) 22.7%® 0.587? 0.312 5.0262 0.191? 0.48& 0.67% 25.4%
Statistically signi cant differencesR < 0:05) compared with DDIM are marked witha

4.2 Real-world Image Restoration

To demonstrate the effectiveness of our Kernel Density Steering (KDS), we compare its performance
against baseline sampling method on image super-resolution and inpainting tasks. Our experiments
utilize two widely used samplers (DDIM, DPM-Solver++). For each con guration, we contrast
the results obtained with standard sampling versus KDS-enhanced sampling, ensuring fairness by
using the same initial noise. We compare performance with and without KDS, using the same initial
noisef z%')giN:l for fairness across an ensembleé\bf= 10 particles unless speci ed otherwise. Full
experimental details, including hyperparameter settings (e.g., patch size, steering stieagth
comprehensive ablation studies, are provided in the Appendix.

Table 2: Super-Resolution Performance on real-world collected datasets with DDIM (50 steps)

Datasets RealSR DrealSR

Method PSNR SSIM LPIPS# DISTS ¢) CLIPIQA PSNR SSIM LPIPS#) DISTS ¢) CLIPIQA
LDM-SR 24.01 0.666 0.308 0.211 0.624 26.13 0.689 0.342 0.222 0.610
+KDS (N =10) 24.68 0.70® 0.27% 0.201? 0.622 26.32 0.702 0.331? 0.317? 0.617?
DiffBIR 23.21 0.610 0.370 0.250 0.689 23.99 0.551 0.491 0.293 0.701
+KDS (N =10) 24.3%® 0.66% 0.33% 0.2448 0.6922 25.63 0.645 0422 0.27& 0.69%
SeeSR 24.29 0.710 0.279 0.204 0.588 26.97 0.750 0.300 0.218 0.625

+KDS (N =10) 24.5® 0.71%® 0.272 0.206? 0.64 27.42 0.76% 0.287? 0.2122 0.651?
Statistically signi cant differencesR < 0:05) compared with DDIM are marked witha

4.2.1 Real-world Image Super-Resolution

We evaluated the performance of KDS fbr real-world super-resolution (SR). This evaluation uti-
lized the LDM-SR p4], DiffBIR [ 4], and SeeSR33] backbones across several datasets: DIV28],[
RealSR §7], DrealSR p8]. Performance was evaluated using a comprehensive suite of metrics,
including PSNR, SSIM59], LPIPS [60], FID [61], NIMA [ 62], MANIQA [ 63], and CLIPIQA 4.

Results: Quantitative results consistently show KDS's bene ts. Tables 1 and Tables 2 demonstrate
that adding KDS signi cantly improves both distortion and perceptual metrics across different



Figure 3: Qualitative comparison d¢f Real-world Super-Resolution with KDS-enhanced DDIM
sampling (Number of Particldd = 10). 'w/o KDS' shows results from baseline DDIM, while ‘w/
KDS' shows results with KDS. KDS consistently produces images with improved sharpness, ner
details, and reduced artifacts across LDM-SR, DiffBIR, and SeeSR backbones.

datasets, backbones, and samplers (DDIM, DPM-Solver++) compared to the respective baselines
without KDS. Qualitative results in Figure 3 corroborate these ndings, showing restorations with
higher delity and fewer artifacts when using KDS.

Compare with Best-of-N approaches:While inference-time scaling allows for the generation of
multiple candidate solutions, especially bene cial for low-quality inputs, selecting the optimal one
from an N-particle ensemble is non-trivial. As Table 4 shows, using a non-reference metric like
LIQE [65] to pick the best particle results in signi cantly lower performance compared to our kernel
density steering (KDS) method. This demonstrates that, despite comparable computational costs,
traditional post-sampling selection methods do not achieve the same level of performance as KDS.

- Table 4: Comparison to Best-o§f- (BoN)
Table 3: Inpainting Performance on ImageNet using LIQE [65] on RealSR with DiffBIR.

with LDM-inpaintin kbone.
t painting backbone Method N PSNR LPIPS#) Time Memory

Method PSNR SSIM LPIP$] FID(#)
DDIM 1 2321 0370 79s 8.0Gb
DPM-Solver 19.94 0.725 0.144 11.70
+KDS (N =10) 21.29 0.747 0.135 11.29 +BoN 5 2372 0361 14.9s 9.7Gb
+KDS 5 24.17 0.349 15.6s 9.7Gb
DDIM 21.03 0.736 0.140 11.47
+KDS (N =10) 21.35 0.748 0.131 11.18 +BoN 10 23.77 0.366 27.3s 10.4Gb

+ KDS 10 24.39 0.339 28.4s 10.4Gb

4.2.2 Image Inpainting

We evaluate the performance of KDS (N=10) on a center box inpainting task using the ImageNet
dataset. For this task, the central 30% square region of each image is masked. We employ a Latent
Diffusion Model (LDM) for inpainting, initialized with weights from a pretrained text-to-image
model that matches the architecture and size of Stable DiffusioB4j2The LDM was ne-tuned

on ImageNet dataset for random box inpainting. The training utilized a batch size of 1024 and a



Figure 4: Robustness analysis of KDS on the RealSR datasit. Scatter plots comparing the PSNR
and LPIPS of the DDIM with KDS versus a worst-performing particle of standard DDIM ensemble
(N =10). KDS consistently improves the quality of the worst-case sameght: Qualitative
examples comparing the worst-performing output from a DDIM ensemble with KDS-guided DDIM
with the same random seed, demonstrating KDS's superior consistency and artifact reduction.

Figure 5: Box-inpainting performance of KDS. KDS generates more coherent and detailed inpainted
regions compared to standard DDIM sampling.

learning rate of 1e-4, parameters empirically selected to maximize compute ef ciency. Performance
was measured using PSNR, SSIM, LPIPS, and FID.

As shown in Table 3, our proposed KDS improves quantitative inpainting performance. Furthermore,
Figure 5 demonstrates that KDS generates inpainted regions with enhanced delity, greater coherence
with surrounding image content, and more plausible details compared to standard sampling.

4.3 Analysis of KDS Robustness

A key objective of KDS is to enhance the reliability and consistency of diffusion-based restorations,
particularly by reducing artifacts and improving delity.

Figure 4 demonstrates this improved stability. The scatter plots (left) compare the performance
(PSNR and LPIPS) of DDIM enhanced by KDS against the worst-performing particle from a baseline

DDIM ensemble (alsdN = 10) on RealSR dataset. Points above (PSNR) or below (LPIPS) the

y = X line signify that KDS improves the worst-case performance. These two scatter plots clearly
demonstrate enhanced restoration reliability. Qualitative examples (right part of Figure 4) further
illustrate KDS's consistency and artifact reduction.

4.4 Impact of KDS Hyperparameters: Number of Particles and Bandwidth

The performance of KDS, as an ensemble-based technique, is inherently linked to its key hyper-
parameters: the number of particldsand the kernel bandwidth. We analyze their impact on

SR performance (PSNR, SSIM, LPIPS, FID) using the LDM-SR model on the DIV2K dataset, as
illustrated in Figure 6.

Number of ParticlesN : Increasing the ensemble sikleconsistently enhances restoration quality.

As shown in Figure 6, both distortion metrics (e.g., PSNR, SSIM) and perceptual metrics (e.g.,
LPIPS, FID) bene t, particularly abl increases from small (e.d\ 5 10), where kernel density
estimates are less robust, to moderate (Blg., 15 20) values. While further increasing (e.g.,
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