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Abstract. We propose a novel training-free method for inpainting with
off-the-shelf text-to-image models. While guidance-based methods in the-
ory allow generic models to be used for inverse problems such as inpaint-
ing — in practice their effectiveness is limited, leading to the necessity of
specialized inpainting-specific models. In this work, we argue the missing
ingredient for training-free generic model usage is proper optimization of
the initial noise sample. We optimize the initial noise to approximately
reproduce the unmasked image, in as few as tens of optimization steps,
then use it with a conventional training-free inpainting method. Criti-
cally, we propose two core ideas that make this possible: (i) we perform
linear approximation that avoids the costly and often impractical un-
rolling required to relate the initial noise sample to model output—which
potentially is why this relationship was previously overlooked; and (ii)
perform spectral preconditioning by optimizing the initial noise sample
in the spectral domain with Adam, which stabilizes the optimization. We
demonstrate our method on various inpainting tasks, outperforming the
state of the art. Project website: https://ubc-vision.github.io/sonic/

1 Introduction

Denoising diffusion models [20}/51] and more recently flow models [33}35] have
become the go-to solution for various inverse problems in Computer Vision |11].
For example, most modern image inpainters [4}/22] utilize them in one way or
another, including those that use pre-trained models with guidance [4,[34}/42],
and those that train a conditional inpainting specific model [24,[73|. Diffusion
and flow methods have also been used for inverse problems in other domains,
such as image super-resolution and deblurring [12}28}42].

Among the many, we are similarly drawn to off-the-shelf models [4,/12,/28,/42]
for inpainting, due to the versatility afforded by bypassing expensive train-
ing |24,[70] and task-specific augmentations that may not always generalizeﬂ

* Participated in an advisory capacity only.
1 'We show later in experiments that, e.g., BrushNet |24] produces inpainting mask
specific results in some cases.
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Fig. 1: Teaser — We propose a novel training-free method of inpainting that focuses
exclusively on the initial noise sample. (Top row) We show the denoising result of
an initial noise sample, as we optimize the seed noise using our method. We optimize
the seed noise to faithfully regenerate the non-masked regions of the input image, so
as to obtain more consistent inpainting results. (Bottom row) Inpainting results of
competing methods, with our final result on the right.

Unfortunately, the performance of existing training-free methods is
not as good as their more specialized counterparts ; see Fig.

Here, we argue that the shortcomings of existing training-free methods, which
rely on posterior sampling or conditioning [4]42], are due to an oversight—
optimizing the initial noise sample. The concept of optimizing the initial noise
sample is not new in itself. Ever since deep generative models have been used
to solve inverse problems , one of the very first approaches has been to treat
generative models as transport functions and find the input condition (the initial
noise sample for denoising models) that matches the observed data .

Manipulating the initial noise sample for denoising models, however, requires
back-propagating through the denoising chain @ This can be costly, both in
terms of compute and memory requirements. Thus, with larger modern models,
this back-propagation is deemed impractical, making way for guidance meth-
ods that change the denoising trajectory during runtime. Still, recent
works have demonstrated that, already at the initial denoising step, much
of the structure of the final denoised outcome is decided. Indeed, in Fig. 2] we
show the profound impact that the initial noise sample has on the final inpainted
structure. Thus, the initial noise sample must be considered.

To consider the initial noise sample while circumventing the back-propagation
problem, various methods have been proposed. Some choose the best initial
noise sample among many , train a network to generate an ideal noise
sample , or iteratively refine the noise to improve visual qualities of the
output . Others formulate the problem as posterior sampling
, including a concurrent work that drops the model Jacobian [46] and performs
inversion, starting from a point generated by another inversion method .
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ple outcomes of BLD with StableDif- the optimized initial noise sample denoises
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samples. Different initial noise denoise to timized to match the non-masked regions
different scene structure even with the in Fig.[2] starting from seed A. Naive op-
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In this work, we propose an inpainting method that optimizes the initial
noise sample with respect to the final generation outcome, based on two key
ideas that allow practical and stable optimization.

Practical optimization through linearization. To avoid back-propagating
through the denoising chain, we propose to linearize the entire denoising (flow)
trajectory. A naive back-propagation through the denoising chain quickly be-
comes impractical due to memory and compute requirements. Instead, we ap-
proximate the entire denoising trajectory as a linear path, allowing us to optimize
the initial noise sample without back-propagating through the denoiser.

Stable optimization through spectral preconditioning. Our second con-
tribution is the spectral preconditioning of this optimization that allows for
stable convergence. Various works on spectral and time-based guidance scaling
have hinted at this —that different frequencies in the latent space
have different preferences for the rate of change. We thus precondition the opti-
mization so that, effectively, each frequency can converge at its preferred pace.
Implementing this can be effectively done by moving the optimization into the
spectral domain, together with the Adam optimizer that would divide each
parameter (now each frequency) by their second moments. This produces signif-
icantly more stable optimization and convergence; see Fig.

Implementation of this idea, however, requires care. We find that a naive
implementation can lead to corruption of the initial noise sample, moving it away
from the manifold of acceptable samples. To prevent this, we constrain gradient
updates to observed data points only, i.e., the unmasked pixels in inpainting.
We further find that the robustness of our method allows it to operate purely
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in latent space with simple nearest-neighbor fills for the masked regions when
encoding masked images to the latent space.

To demonstrate the effectiveness of our method, we evaluate our method on
three standard inpainting datasets: FFHQ [25], DIV2K [1], and BrushBench [24],
each with different types of masks. On all three datasets, we outperform the state
of the art in SSIM [59] and LPIPS |71] perceptual metrics, and Fréchet Inception
Distance (FID) [19]. Our method is also often preferable in human preference
scores such as HPS v2 [61] in terms of aesthetics.

2 Related Work

While various methods have been proposed to inpaint images, recent works have
focused on utilizing the powerful generative prior of diffusion models [30}[39]
57,162,/63,65,/66,/69]. We provide a brief review of works that utilize diffusion
models, both training-free (ones that utilize generic models) and those that are
trained or fine-tuned to be specialized for inpainting; for a more comprehensive
review, we refer the reader to [22|. We also review recent works that focus on
the importance of the initial noise sample and its effect on the denoising process,
and methods that aim to bypass back-propagation.

Training-free methods. One of the key benefits of denoising diffusion mod-
els [20L51] is their ability to be ‘guided’ by additional conditioning information
[5418,21]. The robustness of diffusion models under different manipulations natu-
rally enables their use for inpainting. Some methods |4,,36] blend the noise within
the masked region with the unmasked ground-truth noised image to condition
the generation process. Others extend the Markov chain settings to be condi-
tional |27] or perform range-null space decomposition [58]. Some more recent
methods aim to sample from the posterior [10}/12,[28}/41}/42.|47], such that the
observed data points can be treated as the likelihood, while the generic diffu-
sion model serves as the prior; other recent works focus on manipulating the
geometry of the sampling trajectory [50].

A notable recent method along these lines is FLAIR [12], which formulates a
variational method for posterior sampling. Interestingly, in their work, the final
algorithm involves keeping track of both the final reconstruction and the initial
noise. Another very recent work, DING [41], performs guidance with closed-form
solution for the posterior, evaluated through auxiliary random samples.

While these models all have shown improved performance beyond the orig-
inal latent blending work [36], they still suffer from the same problem—their
inpainting results often have an image structure that is inconsistent with the
target image; see Fig. [2l Methods that manipulate the initial noise sample [12,/41]
suffer less from this, but as we show later in Sec. 4| with FLAIR [12], the effect is
still present. Thus, a proper intervention on the initial noise sample is important.

Importance of initial noise sample. Recent works [2,|32}[38L|56}/72] have re-
vealed how much influence the initial noise has on the final generation. Li et
al. |32] demonstrate that the initial seed largely determines the general layout
of the generated image, and mine seeds that are more likely to produce better
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generations. Similarly, Ahn et al. |2] train a neural network to modify the initial
noise sample to generate those that lead to better generations. Lyu et al. 38|
generate a semantically meaningful initial seed with an automatic refinement
pipeline. Very recently, an in-depth study [56] using Principal Component Anal-
ysis (PCA) revealed that the initial noise can reliably predict image layout. All
of these works hint at the same thing—that the initial noise sample must be
considered if we are to match the structure of the image during inpainting.

In theory, this initial noise sample can be directly optimized to achieve a
certain goal, which conventional methods have attempted with Generative Ad-
versarial Nets [8]67], denoising diffusion models [17,26}/53,55], and flow mod-
els 16l/14,/16]. These methods, however, require back-propagating through the
entire network, which is only suitable for smaller models or single-step genera-
tors.

Circumventing back-propagation. With the back-propagation being costly,
common workarounds include using methods such as the Straight-Through Esti-
mator |7], adopted by many zero-order optimization works [40//54]. In the context
of inpainting, recent works such as FlowChef [42] and DING [41] also suggest
adopting the straight-through strategy, i.e., dropping the vector-Jacobian prod-
uct, although they aim towards optimizing the intermediate noise estimates, not
the initial noise sample. A concurrent work 46| also drops the vector-Jacobian
and optimizes for the initial noise sample, but as we will show later (Sec. ,
this alone does not provide stable optimization—our spectral preconditioning
is required. This may be why their method starts from an inverted noise from
a conventional method [23| before beginning the optimization, and requires a
carefully tuned learning rate—our method requires none of these.

Trained methods. Various methods have been proposed that train or fine-tune
existing models. Effectively, these models circumvent the initial noise problem by
training inpainting models that ignore the structure imposed by the initial noise
sample. Common strategies include providing an inpainting mask and the en-
coded masked images as additional input and finetuning a pretrained model [45]
with randomly masked images [52]. These can include having inpainting as a part
of a multi-task adaptation via fine-tuning and prompt learning |73|. Some sepa-
rate masked-image features and noisy latents to make the task easier to learn |24],
some utilize semantics |9], and others train inpainting adapters [10}/62]. These
methods, however, require additional training which can be costly, and as we
show empirically later in Sec.[d] can fail to generalize for mask types not seen
during training.

3 Method

3.1 Overview

An overview of our method is provided in Fig. @l Our method focuses solely
on finding the initial noise sample that best fits a partial (masked) observation.
Our key innovation is a linearization strategy that allows optimization of the
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Fig.4: Method overview — We optimize the initial noise sample in the spectral
domain Xr, starting from a random noise x7, such that our denoised latent matches
the masked observation y in the latent space. To allow partial observations to be
encoded, we use nearest-pixel filling before passing it into the encoder. We then compute
the masked mean square error in the latent space, comparing it with a fully denoised
latent and update Xt accordingly. Importantly, we linearize the entire T step denoising
process, essentially disconnecting the gradient flow passing through it. This allows us
to optimize the initial noise sample X1 without back-propagating through the denoiser.

initial noise without back-propagating through the denoiser. We first formalize the
problem, then explain our linear approximation. We then introduce our spectral
optimization, as well as subtle yet important implementation details.

Formalization. Let y be a corrupted (masked) image and A be the corruption
operator (mask), often denoted as a matrix in a slight abuse of notation. Let
x7 be the initial noise of a T-step denoising process, such that we can write the
denoising process as xg = Dr(xr), where Dy is the T-step denoiser (e.g., a flow
model ) and Xg is the fully denoised image. We aim to find the initial noise
x4 such that, when denoised Dy (x%), then corrupted, it matches the observed
image y. We formulate this as an optimization problem in a least-squares sense:

i = argayin [ly ~ AP Ger)| W

In this work, we focus on inpainting, thus A is simply a binary mask. Note that,
contrary to other methods, we do not alter the denoising process itself, but only
the initial noise xp. While a noise that exactly satisfies y = ADp(x%) may not
exist, our method still provides an enhanced starting point for any denoising
process.

Naively optimizing x7 would mean back-propagating through Dr(-), an ex-
pensive iterative process requiring unrolling the entire sequence, costly both in
memory and compute—in fact, with an NVidia RTX 5090, back-propagating
through more than one denoising step for StableDiffusion 3.5 is not feasible.
We thus propose a linear approximation to circumvent this issue.
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3.2 Optimizing without heavy back-propagation

Denoising trajectory linearization. We approximate the denoising trajec-
tory x(t), with a linear equation of the form:

N t
x(t) = x(t) = [Dr(xr) = x7lsy (1 = 7) + %1, (2)
where ¢t € [0,7T] and [] sg 1s the stop-gradient operator, implying that we consider
the term Dy (x7) — x7 to be constant throughout the denoising process. This is
a reasonable assumption, given that modern flow models [33}/35] are generally
trained to produce linear trajectories. E|

Optimization objective in the spatial domain. Given this linearization, we
can now replace Dr(xr) in Eq. (I)) with %(0) from Eq. (2), and formulate a loss
that optimizes for x7.:

Liinear = Hy —A ([DT(XT) — X7y + XT) Hz . (3)

Note that Eq. is differentiable with respect to x, without any need for back-
propagation through Dr(-). Eq. is, in fact, the straight-through estimator [7]
that drops Jacobians, and a concurrent work [46] that directly drops Jacobians
also arrives at Eq. . Direct application, however, as we show in Fig. |3| and in
Sec. [£:3] does not produce stable optimization without the spectral optimization
introduced next in Sec. The concurrent work [46] opts for a carefully tuned
learning rate, which is not necessary for our method.

3.3 Optimizing in the spectral domain

When directly optimizing for x% via Eq. we observe what appear to be
regional instabilities in the spectra of xp—denoised image flickering between
optimization steps, showing different levels of detail, i.e., spatial frequencies
converging at different paces. A recent work [16] that optimizes initial noise
without linearization, back-propagating through individual steps, also notes in-
stability and opts for careful control of optimization steps. A lower learning rate
can avoid this instability, but drastically increases compute expense and leads
to under-convergence, producing blurry results. These observations, combined
with recent works that treat different frequencies of the latent space differently
during guidance [15}/48,/68|, motivate us to precondition the optimization based
on frequency.

Spectral preconditioning with Adam |[31]. Spectral preconditioning can
be achieved by moving the optimization into the spectral domain and using
the Adam optimizer [31]. Instead of treating xr as a trainable parameter, we
optimize its spectral representation X, defined as the Fourier transform of xr,
i.e., xp = F1(X7). Then we use the Adam optimizer, which divides each

2 We provide an illustrative example in Supplementary Material.



8 S. Baek et al.

dimension—now frequencies in the spectral domain—by their second moment,
achieving spectrally preconditioned optimization. This spectral preconditioning
allows more stable convergence behavior when optimizing, as shown in Fig. 5]
While this may seem like a small change, it has a significant impact on the
quality of inpainting outcomes—to a degree where spatial optimization often
results in inpainting failures. We empirically ablate this choice in Sec. and
provide further theoretical justification in the Supplementary Material.

Thus, our final optimization objective is:

Lo = |y = A ([Drer) - F ' X)], + F X)) @)

which we optimize for X with Adam [31].

3.4 Implementation details

Spatially constraining the optimization. A critical component to consider
is that our optimized initial noise sample must remain within the manifold of
acceptable initial noise samples. A naive implementation of our method, even
with spectral optimization, can still lead to corruption because of the continuous
frequency formulation of the optimization target—where a single frequency com-
ponent affects all pixels. Thus, the latents corresponding to unobserved regions,
without observations to guide them, can easily diverge away from the Gaussian
distribution that the denoising model expects the initial noise to follow.

We thus opt to freeze latents in these regions, as they already follow a Gaus-
sian distribution, by masking their gradient updates. As shown in Fig. [6] without
such treatment, optimized noise may introduce visible artifacts, especially near
the border.

Masking in the latent space. Another computational bottleneck, aside from
back-propagation through the denoiser or the flow estimation, is the Variational
Auto-Encoder (VAE) that maps images to the latent space. Thanks to the ro-
bustness of our method, we find that we can safely perform all operations in the
latent space, by simply infilling masked region pixels with their nearest-neighbor
color; see Fig. [l While this does not look like a proper inpainted image, we empir-
ically find this method sufficient. We compare this simple infill strategy against
the theoretical upper-bound of ground-truth pixels in Sec.

Other details. We implement our method with StableDiffusion 3.5 [13], and
with BLD-SD3.5 |4}/13] as the inpainter starting from our optimized initial noise
sample. To optimize the initial noise sample, we use the Adam [31] optimizer
with a learning rate of 3.0, and with default parameters 5; = 0.9 and 52 = 0.999.
We use a classifier-free guidance |21] scale of 2.0, following FLAIR [12]. We use
an image resolution of 1024 x 1024 for all our experiments to match the expected
input size of SD 3.5. We also use T' = 20 for our denoiser.
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Fig.5: Spectral preconditioning — We
plot the average convergence trajectory in
terms of root mean-squared error (RMSE)
when inverting 100 randomly generated im-
ages starting from a random noise sample
(see Sec. [I.3]for details). Using the Adam op-
timizer in the spectral domain, i.e., with our
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Fig.6: Spatial constraining — We
show how the initial noise sample de-
noises, similarly to Fig. [3] but with

spectral conditioning, converges well regard-
less of the learning rate, while Adam in the
spatial domain performs significantly worse.
SGD performs the same regardless of the do-
main, as simply moving to the spectral do-
main, for SGD, is mathematically identical
to being in the spatial domain.

and without the spatial constraint. As
shown, without spatial constraining, the
optimization diverges from the initial
noise sample manifold, causing the vis-
ible colour shifts, artifacts, and mask
borders as optimization progresses.

4 Results

We first discuss our experimental setup, then present our results, and finally
ablate our design choices.

4.1 Experimental setup

Datasets and masks. We evaluate our method on three standard datasets,
using different types of masks on each.

— FFHQ : A standard dataset often used for evaluating image inpainting
methods, containing 70,000 high-quality face photographs with diverse age,
pose, and accessories. We follow the protocol in FLAIR , using the first
1000 images and applying a large, rectangular mask with a fixed size and
position that covers approximately half of the subject’s face.

— DIV2K : A set of 1,000 2K high-resolution natural images. Again, we
follow the protocol of FLAIR by taking the 800 images from the training
set, and center-cropping a square region from the image. Then, we apply the
same masking pattern to all samples, consisting of six randomly positioned
rectangular regions |

— BrushBench : 600 natural and artificial images with human-annotated
masks based on segmentation and captions. We use the provided inpaint
segmentation masks and prompts.

3 We use the exact same locations as FLAIR .
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Prompts. As diffusion/flow-based inpainting methods require prompts, we sys-
tematically generate prompts through a Vision Language Model (VLM) [3] for
FFHQ [25] and DIV2K [1].

We provide the masked images and prompt the VLM to infer the contents
of the image and describe them in two to three concise sentences. The exact
prompt used for the VLM can be found in Supplementary Material. We use
the generated prompts for all methods, including ours. For BrushBench [24] we
simply use the standard dataset-provided prompts.

Baselines. We compare our method against the following baselines:

— BLD-SD3.5 [4,13]: Adopted by diffusers [43] as the default inpainting
pipeline, it is a training-free method that ‘blends’ the denoising process in the
masked region with the ground-truth denoising trajectory of the unmasked
region.

— FlowChef |42]: Improves trajectories and stability for flow /diffusion models
when solving inverse problems.

— FlowDPS |28]: A flow-based posterior sampling method for inverse prob-
lems with explicit guidance. Following FLAIR [12], we implement an inpaint-
ing solver for this method.

— FLAIR [12]: A recent training-free inverse problem solver that uses a varia-
tional formula involving the update of both initial noise and final estimates.

— BrushNet |24]: A trained method that specializes in inpainting. We use
the Stable Diffusion 1.5 [45] checkpoint from the official implementation,
and their standard classifier-free guidance scale of 7.5. As BrushNet offers
two model subtypes: one trained with random masks, and another with seg-
mentation masks. We use the former for FFHQ [25] and DIV2K |[1] while
using the latter for BrushBench [24].

For fairness, as in FLAIR [12], we use the same StableDiffusion 3.5 [13] (‘medium’
variant) base model for training-free methods (BLD-SD3.5 [41/13|, FlowChef [42],
FlowDPS |28], FLAIR [12], and ours). We set the classifier-free guidance scale to
2.0 for these methods, as in FLAIR [12|. Additionally, as the baselines generate
varying resolution outputs, we process images at their native resolution (varying
from 512 x 512 to 768 x 768) and resize to 1024 x 1024 for evaluation.

For each posterior baseline, we report performance using their suggested
number of function evaluations (NFE), and performance at 400 NFE, which is
what we use for our method. Note, however, that as our method does not back-
propagate through the denoiser, our runtime is comparable to methods with a
lower NFE—taking approximately a minute to inpaint one image on a GeForce
RTX 5090 GPU, roughly the same time as FLAIR [12] using 50 NFE. We include
the wall clock time table in the Supplementary Material.

Evaluation metrics. To quantify the quality of the inpainting results, we use
the standard metrics: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
Index Measure (SSIM) [59], Learned Perceptual Image Patch Similarity (LPIPS)
|71], Fréchet Inception Distance (FID) [19], as well as CLIP score (Contrastive
Language-Image Pretraining) [44]. We also use metrics that are designed to



SONIC 11

DIV2K (1]
: ’

BrushBench [24]

Ground truth FLAIR BrushNet BLD-SD3.5 Our method
Fig. 7: Qualitative results — We show results across different methods and datasets.
We denote the masked areas with black rectangles on the ground truth images. Our
method provides the best inpainting results, especially aligning well with the layout
and also the lighting conditions of the input image. Zoom in for better detail.

mimic human preference: Image Reward (IR) [64], Human Preference Score v2
(HPS v2) [61], and Aesthetic Score (AS) [49).

For the task of inpainting, where many different answers can exist, we warn
that the PSNR metric should be considered with care—lower PSNR does not
necessarily mean worse performance, as also discussed in . Instead, all met-
rics should be considered altogether. Still, if a few metrics were to be weighed
strongly, we argue that LPIPS and FID are the most important for evaluating
inpainting quality as they evaluate how similar the inpainted content is to the
ground truth via ‘perceived’ similarity. This tolerates minor differences in exact
structure and color, which are acceptable in the context of inpainting. CLIP score
gauges how well the inpainting results match the original content semantically,
but should also be read carefully, as the inpainted content may be geometrically
misaligned with the image. IR, HPS v2, and AS are also imperfect metrics, as
they are designed to measure image quality, not inpainting quality. We thus fur-
ther conduct a single-blind two-alternative choice study with N=37 raters, where
our method is preferred in 90% of comparisons. We include detailed results in
the Supplementary Material.

4.2 Results

We present a qualitative comparison in Fig. []] We compare our method against
FLAIR , BrushNet , and BLD-SD3.5 . We provide additional qual-
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Table 1: Quantitative results on FFHQ |25] — Our method outperforms all
other methods in terms of SSIM, LPIPS, and FID by a large margin. Our method also
performs best in terms of simulated human preference metrics, IR and HPS v2, and
second best in AS. Note that while PSNR is lower, this does not mean our method
provides worse results, as for inpainting, an image different from ground-truth may
still be correct. FlowDPS |28| performs best in terms of CLIP scores, but notice the
significantly higher LPIPS and FID scores, indicating poor inpainting quality.

Method PSNR?T SSIMt LPIPS| FID | IR 1 HPS v21 CLIPT ASt
BrushNet [24] 21.929 0.759 0.237 17.950 0.275 0.244 24.804 5.713
BLD-SD3.5 |4/13| 17.592 0.824 0.180 25.842 0.038 0.213 22.456 5.136
FLAIR |12 23.100 0.823 0.266 18.982 0.220 0.240 24.122 5.735
FLAIR [12| (400 NFEs) 24.099 0.829 0.292 19.873 0.154 0.234 23.765 5.5637
FlowChef [42| 19.624 0.828 0.193 20.706 -0.021 0.214 22.178 5.074
FlowChef [42] (400 NFEs) 19.336 0.824 0.197 21.191 -0.015 0.214 22.066 5.029
FlowDPS 28 20.215 0.760 0.374 48.333 0.025 0.234 25.076 5.792
FlowDPS [28] (400 NFEs) 28.243 0.786 0.389 68.644 0.008 0.232 25.014 5.924
Our method 22.562 0.857 0.121 12.883 0.280 0.245 24.042 5.848

itative results in the Supplementary Material. We also provide per-dataset
quantitative summaries in Tabs. [I] to [3]

FFHQ [25] — Fig. [7| and Tab. [1} As seen in Fig. |z|, our method significantly
outperforms other baselines, followed by FLAIR [12]|. BrushNet [24] is great at
hiding seams, as it is a trained method, but the content it inpaints can misalign
with the full image. In the case of BLD-SD3.5 [4L|13], it completely fails to align
the global structure, resulting in an inpainting failure. These findings are also
reflected in the quantitative metrics presented in Tab. [I, with our method out-
performing all other methods in terms of SSIM, LPIPS, FID, IR, and HPS v2.
In terms of FID, our method outperforms all other methods by a large mar-
gin, with BrushNet [24] being the second best and FLAIR [12] being the third
best. As BrushNet [24] does not have seams, it shows up favorably in FID, and
other aesthetic metrics. But in terms of SSIM and LPIPS, where structure is
considered, the method performs significantly worse. While we perform worse in
terms of PSNR and CLIP score, we emphasize again that these in isolation do
not directly correlate with inpainting performance.

DIV2K [1] — Fig. [7] and Tab. [2| Our method performs best for this dataset
as well. FLAIR [12] struggles and produces blurry patches, which may be why it
shows high PSNR in Tab.|2] but lower SSIM and LPIPS scores. BrushNet [24], in
this example, produces caption-like inpainting results in horizontal stripe masks,
hinting that its inpainting outcomes are strongly correlated with the shape of the
mask. The quantitative results in Tab. [2] further show how this method performs
significantly worse than other methods for this dataset. BLD-SD3.5 [4L/13] does
not show apparent artifacts, but as can be seen in the square mask in the bottom
right, or the vertical mask on the left, its inpainting results do not align well
with the full image. Again, for this dataset, our method outperforms all other
methods in terms of SSIM, LPIPS, FID, and HPS v2.

BrushBench |24] — Fig. [7] and Tab. [3| Again, our method performs best.
FLAIR [12], for this dataset, is unable to match the global structure of the image
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Table 2: Quantitative results on DIV2K — Our method performs best in
terms of SSIM, LPIPS, and FID by a large margin. While FLAIR shows high
PSNR, as shown in Fig. [7] this could be attributed to the fact that it produces blurry
patches. FLAIR also has high IR and AS, and BLD-SD3.5 and BrushNet
show higher CLIP scores, but they all perform significantly worse in terms of LPIPS
and FID, indicating poor inpainting quality.

Method PSNRf SSIMY LPIPS| FID | IR 1 HPS v21 CLIP} ASt
BrushNet 19.414 0.575 0.308 29.004 0.255 0.249 27.666 5.406
BLD-SD3.5 19.768 0.789 0.144 25.328 0.389 0.255 27.752 5.883
FLAIR 25.128 0.760 0.298 22.421 0.290 0.248 27.586 5.909
FLAIR (12| (400 NFEs) 23.250 0.768 0.294 22.147 0.339 0.251 27.555 5.929
FlowChef 20.067 0.748 0.237 30.481 0.169 0.240 27.277 5.062
FlowChef [12| (400 NFEs) 19.938 0.747 0.238 30.769 0.177 0.241 27.322 5.084
FlowDPS 20.596 0.628 0.424 46.611 0.179 0.237 27.583 5.802
FlowDPS [28] (400 NFEs) 21.728 0.650 0.420 67.893 0.041 0.231 27.522 5.514
Our method 21.284 0.803 0.115 17.699 0.309 0.253 27.613 5.927

Table 3: Quantitative results on BrushBench — Our method outperforms
all baselines in terms of SSIM, LPIPS, and FID. For other metrics, ours performs third-
best. Unsurprisingly, BrushNet performs second best in terms of FID, and best in
terms of IR, HPS v2, and AS, as this dataset was developed by BrushNet . But in
terms of LPIPS and FID, they are worse than ours, in line with Fig. {7l FLAIR
again shows high PSNR and SSIM, but performs worse in all other metrics.

Method PSNRt SSIM T LPIPS| FID | IR 1 HPS v21 CLIPT AST
BrushNet 18.668 0.740 0.199 50.082 1.246 0.271 26.551 6.366
BLD-SD3.5 18.234 0.854 0.169 51.661 1.211 0.267 27.262 6.072
FLAIR 19.986 0.855 0.201 51.644 1.007 0.255 26.655 5.978

FLAIR 400 NFEs) 20.154 0.855 0.190 51.535 1.025 0.255 26.455 5.878
FlowChef 18.711 0.856 0.161 53.568 0.975 0.253 26.680 5.826
FlowChef (400 NFEs) 18.688 0.853 0.161 52.281 1.025 0.256 26.767 5.877
FlowDPS 18.269 0.775 0.360 67.731 0.895 0.248 27.045 5.909
FlowDPS (400 NFEs) 18.558 0.795 0.338 80.544 0.832 0.241 26.742 5.813
Our Method 19.014 0.861 0.153 48.072 1.188 0.263 26.890 6.061

well and often produces a disjoint inpainting outcome. BrushNet , which is
the method developed for this dataset, provides results that seamlessly align with
the local surroundings, but often misaligns the rough global structure. BLD-
SD3.5 , for this example, produces arguably the second best results, which
aligns with the FID-based evaluation in Tab. ] Our method, quantitatively,
outperforms all methods in terms of SSIM, LPIPS, FID, and performs third-
best in terms of other metrics. We emphasize again, that each metric alone does
not paint a complete picture of the inpainting quality, and all metrics should be
considered together. Among them, we believe LPIPS and FID best represent the
performance of each method, as they compare the perceived similarity between
the inpainting results and the ground truth, tolerating minor differences in exact
structure and color.

4.3 Ablation study

We perform ablation studies to motivate our design choices. We summarize the
quantitative results in Tab. 4] where we compare the inpainting performance
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Table 4: Ablation study — We report the evaluation metrics for FFHQ [25] dataset
with variants of our method: using spatial optimization, i.e., without spectral precon-
ditioning; removing spatial constraining of gradient updates; and using ground-truth
image as input to the encoder, which shows the upper-bound performance of operating
in the latent space. Both spectral preconditioning and spatial constraining are critical.
Using ground-truth image for the encoder shows similar performance as our simple
nearest-neighbor fill-ins, showing that this simple strategy is sufficient.

Variant PSNRT SSIM*t LPIPS| FID| IRT HPS v21 CLIPt ASt
w /o spectral preconditioning 22.120 0.853 0.127 14.579 0.216 0.239 23.654 5.760
w/o spatial constraining 18.863 0.833 0.165 33.269 -0.259 0.223 22.676 5.365
Optimizing with the GT 22.569 0.856 0.121 12.773 0.280 0.245 24.074 5.850
Our method 22.562 0.857 0.121 12.883 0.280 0.245 24.042 5.848

without spectral conditioning and spatial constraining. When removing spectral
conditioning, i.e., optimizing in the spatial domain, we use a learning rate of
0.05 for Adam [31]. Observe that both spectral preconditioning and spatial con-
straining are critical to the performance of the method. Also, optimizing with the
nearest-neighbor fill-in produces similar metrics as optimizing with the ground
truth image, which would be the upper-bound performance. This confirms the
robustness of our method and that the simple fill-in strategy is sufficient.

For further analysis on the convergence enhancement of spectral precon-
ditioning, we synthesize images whom we know their initial noise sample of,
and plot their convergence in Fig. [5] Specifically, we use the first 100 prompts
from DIV2K [1], with various learning rates, using StableDiffusion 3.5 [13] with
CFG=2.0, T=20. For all methods, we use the same random starting point, drawn
from A(0,1). As shown, Adam [31] in spectral domain converges significantly
faster, allows larger learning rates thanks to the preconditioning. Adam in spa-
tial domain converges much slower, and becomes unstable if too large learning
rates are used. As Fourier transform is linear, SGD in spectral domain has no
impact on optimization—they both perform worse.

More ablations. In the Supplementary Material, we provide qualitative com-
parisons with randomly selected samples for objective comparison; and ablation
studies on the number of optimization steps used, which show diminishing gains
as we increase the number of optimization iterations.

5 Conclusion

We have presented a novel training-free method for inpainting that optimizes
the initial noise sample. We have shown that by finding the right initial noise
with our method, we can achieve inpainting results that outperform the state
of the art. The key ideas that enable this are the linear approximation strategy
that allows optimization of the initial noise without back-propagation through
the denoiser, and spectral preconditioning, realized by optimizing in the spectral
domain, ensuring fast and stable convergence. Spatially constraining the updates
further ensures that the optimization does not stray from the initial noise sam-
ple manifold. We conduct experiments on three standard inpainting datasets
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FFHQ [25], DIV2K [1], and BrushBench [24], demonstrating the effectiveness of
our method.

Limitations and future work. While we have demonstrated our method
purely with an inpainting task, we believe our method of linearization and spec-
tral preconditioning could, in theory, be applied to other inverse problems such
as super-resolution, deblurring, and video inpaintingﬁ We hope our work can
serve as a starting point for future research that directly utilizes generic flow
models for other inverse problems.
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