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ABSTRACT

Text-driven image and video editing can be naturally cast as inpainting problems,
where masked regions are reconstructed to remain consistent with both the observed
content and the editing prompt. Recent advances in test-time guidance for diffusion
and flow models provide a principled framework for this task; however, existing
methods rely on costly vector–Jacobian product (VJP) computations to approximate
the intractable guidance term, limiting their practical applicability. Building upon
the recent work of Moufad et al. (2025), we provide theoretical insights into their
VJP-free approximation and substantially extend their empirical evaluation to large-
scale image and video editing benchmarks. Our results demonstrate that test-time
guidance alone can achieve performance comparable to, and in some cases surpass,
training-based methods.

1 INTRODUCTION

Image and video editing plays a central role in a wide range of applications, including content
creation and interactive design. In the era of text-driven generative models, editing tasks can be
naturally formalized as inpainting problems, where regions of interest to be modified are masked and
subsequently refilled with the desired content by manipulating a text prompt. Inpainting is a classical
problem in computer vision that has motivated extensive research, with particularly prominent
advances arising from recent large-scale generative models based on diffusion and flow matching
models (Esser et al., 2024; Batifol et al., 2025; Wu et al., 2025). A direct approach to address
inpainting problems is to train or fine-tune conditional diffusion models to explicitly incorporate
additional inputs, such as masks and observed regions, to approximate the corresponding conditional
distribution. While effective, these approaches incur non-negligible computational and data costs,
which may be prohibitive in many practical scenarios.

An appealing alternative is test-time guidance, which formulates inpainting as a Bayesian inverse
problem: a pre-trained text-conditional diffusion model defines the prior, while a likelihood enforces
consistency with observed regions. Sampling from the resulting posterior yields the desired com-
pletion without updating model weights. Despite its flexibility and strong empirical performance
(Daras et al., 2024), a central challenge lies in approximating the intractable guidance term. Existing
methods use the likelihood evaluated at the model’s output, which during sampling, entails repeated
vector–Jacobian product computations through the model, which are expensive and limit scalability.

In this work, we build upon the recently introduced VJP-free approximation proposed in Moufad
et al. (2025). The core idea is to approximate the oracle guidance term using a mixture in which
the intermediate variable of interest is decoupled from the model, thereby eliminating the need for
VJP computations. This approximation yields cheap closed-form posterior updates for linear inverse
problems, including inpainting tasks. Our contributions are threefold. (i) We shed light on this new
approximation and provide theoretical insights on its derivation. (ii) We extend the benchmarks
in Moufad et al. (2025) to more image settings as well as video editing tasks, and demonstrate
that test-time guidance alone can achieve performance comparable to, and in some cases surpass,
training-based approaches. (iii) We release an open-source Python package1 tailored to editing
via inpainting, designed to easily accommodate new pre-trained models and training-free samplers.
Finally, our results establish test-time guidance as a compelling alternative for image and video
editing that requires only black-box access to a pre-trained diffusion model with frozen weights.

1Link to the code of DInG-editor https://github.com/gen-TII/ding-editor-sub
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Figure 1: Overview of the editing pipeline for video modalities. The input video and mask are lifted to the latent
space for inpainting. A pre-trained and frozen diffusion model is used with a posterior sampler to guide the
generation toward prompt-aligned reconstructions, which is then decoded back to pixel space.

2 EDITING VIA INPAITING WITH DIFFUSION PRIORS

Inpainting as a Bayesian inverse problem. Editing tasks can be framed as inpainting problems, in
which regions to be modified are masked and subsequently refilled with new content. Let x⋆ denote
the reference sample to be edited, and let M be a binary mask indicating the observed regions to be
preserved y = M⊙ x⋆. This induces the Gaussian likelihood

ℓ(y | x0) ∝ exp{− 1
2γ2 ∥y −M⊙ x0∥2}, (2.1)

where the parameter γ > 0 promotes stricter consistency with the observed regions, the smaller it is.
Since the likehood is agnostic to the values of masked regions, the inpainting problem is inherently
ill-posed and the Bayesian formulation works around this by imposing a prior distribution p0 over
plausible reconstructions x0. Filling the hidden regions then reduces to sampling the posterior

π0(x0 | y) ∝ ℓ(y | x0) p0(x0).

When the prior p0 is a text-conditional generative model, manipulating the prompt provides a
principled way to control the semantics of the refilled regions.

Diffusion Models. A central paradigm in modern generative modeling is learning a sequence of
transformations that maps a simple reference distribution p1, typically a standard Gaussian N (0, I),
to a complex data distribution p0. Among the many possible constructions of such transformations
(Rezende & Mohamed, 2015; Chen et al., 2018; Lipman et al., 2023; Albergo et al., 2023), diffusion
models adopt the linear interpolation Xt = αtX0 + σtX1 as a principled inductive bias, where
X0 ∼ p0, X1 ∼ p1, and (αt, σt) are deterministic schedules satisfying appropriate boundary
conditions. This interpolation induces a family of marginal distributions (pt)t∈[0,1] that gradually
transforms the data distribution p0 into the Gaussian p1. Given a discretization t0, . . . , tK of the
interval [0, 1], sampling from p0 is performed by simulating a time-reversed Markov chain: for two
consecutive timesteps (s, t) = (tk, tk+1), the following reverse transition is sequentially sampled

pηs|t(xs | xt) = E
[
qηs|0,1(xs | X0, X1)

∣∣∣Xt = xt

]
, (2.2)

where the kernel qηs|0,1(· | X0, X1) preserves the path marginals ps(xs) = E[qηs|0,1(xs | X0, X1)],

whereas η controls the stochasticity of the transition (Song et al., 2021a). The transition (2.2) is
typically intractable as it depends on the unknown conditional distributions p0|t and p1|t. A standard
approximation consists of replacing X0 and X1 by their conditional expectations given Xt and
learning a denoiser (t, xt) 7→ x̂0(xt, t) to approximate E[X0 | Xt = xt] whereas the expression of
the noise predictor x̂1(xt, t) that approximates E[X1 | Xt = xt] follows from Tweedie’s formula
(Roberts & Tweedie), x̂1(xt, t) =

1
σt

(
xt − αtx̂0(xt, t)

)
. The neural network x̂0 is then trained by

minimizing a simple regression objective (Ho et al., 2020; Song et al., 2021b; Karras et al., 2022).

Test-time guidance with diffusion priors. As sampling in diffusion models proceeds sequentially
via a reverse-time Markov chain, it allows to intervene in-between to bias the transitions in (2.2) so
as to target the posterior distribution π0(· | y). Seminal works of Song & Ermon (2019); Kadkhodaie
& Simoncelli (2020); Kawar et al. (2021) demonstrated that this can be achieved in inference time
without additional training. Janati et al. (2025) derived the expression of the oracle reverse transitions

πη
s|t(xs | xt, y) ∝ ℓs(y | xs) p

η
s|t(xs | xt), where, ℓs(y | xs) = E[ ℓ(y | X0) |Xs = xs] . (2.3)

The intermediate likelihood ℓs(y | xs) is typically intractable as it involves the conditional p0|s(· | xs).
Applying Tweedie’s formula yields the oracle conditional expectation given the observation,

E[X0 | Xt = xt, Y = y] = E[X0 | Xt = xt] + α−1
t σ2

t ∇xt log ℓt(y | xt), (2.4)
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Figure 2: Editing via inpainting using DING with SD3 as prior. Given masked inputs, the model fills the missing
regions according to diverse textual prompts. The runtime is limited to 10 seconds per image (1024px).

which decomposes into two terms: a prior term approximated by the pre-trained prior model x̂0(xt, t),
and a second term referred to as the guidance term. A widely used approximation introduced in Chung
et al. (2023) replaces the intermediate likelihood by a point estimate obtained from the denoiser
output, resulting in the tractable approximation ℓt(y | xt) ≈ ℓ

(
y | x̂0(xt, t)

)
.

The VJP-free approximation in Moufad et al. (2025). When combined with Equation (2.4),
the approximation of Chung et al. (2023) requires taking a gradient w.r.t. the input of the model,
which entails computing a VJP. This becomes a major computational bottleneck, namely, for modern
large-scale diffusion models, where VJPs are expensive. To overcome this limitation, Moufad et al.
(2025), building on earlier works on VJP-free approximations (Wang et al., 2023; Zhu et al., 2023;
Mardani et al., 2024), propose a principled approximation that relies on rewriting the denoiser using
the noise predictor as x̂0(xs, s) =

1
αs

(
xs − σsx̂1(xs, s)

)
, and then replacing the input of x̂1 by an

auxiliary random variable Zs that has the same marginal as Xs. This yields a mixture approximation

ℓ̂s(y | xs) = E
[
ℓ
(
y | 1

αs

(
xs − σsx̂1(Zs, s)

))]
, Zs ∼ pηs|t(· | xt), (2.5)

which decouples xs from the model. Based on it, Moufad et al. (2025) directly simulate the posterior
transition (2.3) by first sampling zs and then drawing xs from the distribution ℓ̂s(y | ·, zs) pηs|t(· | xt).
For linear inverse problems, such as inpainting (2.1), the likelihood is Gaussian and linear in xs, so
the second step can be sampled exactly via Gaussian conjugacy (Bishop, 2006).

Theoretical insight. By adding and subtracting Zs in eq. (2.5), the approximation rewrites as

ℓ̂s(y | xs) = E
[
ℓ
(
y | x̂0(Zs, s) +

1
αs

(xs − Zs)
)]

.

This expression resembles a first-order Taylor expansion of the denoiser x̂0(·, s) around Zs, in which
the true Jacobian ∇x̂0(·, s) is replaced by the scaled identity (1/αs)I. Indeed, the second-order
Tweedie’s formula (Boys et al., 2023) gives ∇x̂0(Zs, s) = 1

αs

(
I − σs∇x̂1(Zs, s)

)
. Hence, the

approximation of Moufad et al. (2025) amounts to neglecting the Jacobian of the noise predictor.

3 EXPERIMENTS
Table 1: Quantitative comparison
between training-based methods and
DING on image editing tasks. Runtime
is specified above the baselines.

FID pFID edFID cPSNR

30 second / image HumanEdit 1024px

FLUX+ ControlNet 26.8 4.0 24.4 36.5
FLUX Fill 27.9 4.0 22.5 34.1
FLUX+ DING 31.1 4.9 28.1 35.9
SD3 + ControlNet 37.1 11.3 30.6 26.3
SD3 + DING 30.3 4.4 25.4 35.2

10 second / image InpaintCOCO 512px

FLUX+ ControlNet 43.1 13.6 26.8 31.1
FLUX Fill 41.0 13.4 23.9 28.9
FLUX+ DING 44.1 12.2 28.1 30.1
SD3 + ControlNet 45.8 17.0 27.0 24.4
SD3 + DING 40.9 9.5 20.7 30.3

From pixel- to latent-space inpainting. Modern large-scale
diffusion models operate in a compressed latent space defined
by an encoder–decoder pair (E ,D). While this design enables
scalability to high-resolution data, it complicates training-free
guidance, since inverse problems are defined in pixel space
whereas guidance is applied in latent space, inducing a nonlin-
ear likelihood through the decoder. For inpainting, however,
Avrahami et al. (2023) show that guidance can be performed
entirely in latent space by downsampling the binary pixel mask
and encoding the input as x∗ = E(input). As illustrated in
Figure 1, pixel- and latent-space masking are equivalent despite
encoder nonlinearity. This formulation enables inpainting directly in latent space; particularly, the
closed-form update (2.5) is applicable. We discuss the limitations of this approach in Appendix B.
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Table 2: Quantitative comparison between training-free baselines on HumanEdit 1024px and InpaintCOCO
512px on image editing tasks using FLUX and SD3 as priors. Runtime is limited to 50 NFEs.

HumanEdit+ FLUX HumanEdit+ SD3 InpaintCOCO+ FLUX InpaintCOCO+ SD3

FID pFID edFID cPSNR FID pFID edFID cPSNR FID pFID edFID cPSNR FID pFID edFID cPSNR

BLENDED-DIFF 30.8 4.1 25.1 34.6 33.1 8.9 30.6 31.5 41.9 10.4 23.3 28.0 46.0 14.1 27.6 27.2
DDNM 31.2 4.8 31.4 36.4 30.5 4.6 27.7 34.6 45.6 14.2 32.9 30.4 41.6 11.6 26.2 29.8
DIFFPIR 31.1 4.3 26.0 35.4 31.1 4.6 26.4 33.8 43.6 11.9 26.9 28.9 42.2 10.0 22.3 28.5
DING 31.2 5.0 27.5 35.7 30.8 4.7 25.5 34.4 43.2 11.9 26.9 29.9 41.9 10.3 21.9 29.2
FLAIR 30.9 5.2 27.1 35.0 30.7 4.9 31.4 34.2 41.5 15.7 33.1 29.2 42.7 11.8 29.9 29.3
FLOWCHEF 32.3 5.7 29.4 33.5 34.6 9.0 27.9 31.3 52.2 17.0 40.9 29.5 46.6 16.2 28.2 28.0

Experimental Setting. Here, we describe the models, baselines, and datasets used in our experi-
ments and defer the details to Appendix A.

Large-scale text-conditioned priors. For image editing, we consider, in addition to Stable Diffu-
sion 3.5 (SD3) which is exclusively used in Moufad et al. (2025), the large-scale text-to-image model
FLUX (Batifol et al., 2025). We also extend the evaluation to video editing tasks: we adopt the
text-to-video diffusion models LTX (HaCohen et al., 2024) and Wan2.1 (Wan et al., 2025).

Baselines. We conduct benchmark using both training-free and training-based approaches. Among
training-free baselines, we include BLENDED-DIFF (Avrahami et al., 2023), DIFFPIR (Zhu et al.,
2023), DDNM (Wang et al., 2023), DING (Moufad et al., 2025), FLAIR (Erbach et al., 2025), and
FLOWCHEF (Patel et al., 2024). For training-based methods, we consider controlNet for inpainting
methods (Zhang et al., 2023) with SD3 and FLUX as backbones. We also include FLUX Fill,
a checkpoint specifically trained for image inpainting. For video inpainting, we compare with
Wan2.1-VACE, a checkpoint trained for video inpainting.

Datasets. We perform image editing experiments on InpaintCOCO (Rösch et al., 2024) and
HumanEdit (Bai et al., 2024). The InpaintCOCO dataset contains 1,260 images, while we select
a subset of 1,000 images from HumanEdit. Both datasets provide editing masks paired with text
prompts. For video editing, we use VPBench (Bai et al., 2024), which consists of 133 videos, each
annotated with editing masks and corresponding text prompts.

Table 3: Quantitative compar-
ison on video editing tasks on
VPBench dataset with resolu-
tion (H,W, T )=(512, 928, 97)
All methods are training-free
except last row. Runtime is pro-
vided above the baselines.

CLIP FVD cPSNR

2min 25s / video LTX

BLENDED-DIFF 26.11 0.15 21.82
DDNM 26.09 0.15 23.87
DIFFPIR 26.13 0.15 22.57
DING 25.75 0.16 22.90
FLAIR 26.03 0.15 25.31
FLOWCHEF 25.83 0.19 19.52

5min 25s / video Wan2.1

BLENDED-DIFF 26.33 0.14 26.95
DDNM 26.31 0.13 30.00
DIFFPIR 26.36 0.13 28.52
DING 26.24 0.13 29.21
FLAIR 26.30 0.13 29.94
FLOWCHEF 26.17 0.16 25.22

Wan2.1VACE 26.29 0.11 32.69

Evaluation. We consider a compute-constrained setting that mirrors
deployment scenarios. When comparing training-free baselines among
themselves, we fix the NFEs to 50. For comparisons between training-
free and training-based methods, we instead match runtime to ensure a
fair assessment; the runtimes are reported in the captions of each table.
Our evaluation primarily aims to further validate the approximation
in Moufad et al. (2025), which we hence take as reference when
benchmarking against training-based methods. For image editing,
we report FID and patch FID (pFID) (Chai et al., 2022), the latter
providing finer-grained evaluation for high-resolution images. To
measure preservation of the unedited content, we compute the context
PSNR (cPSNR), defined as the PSNR over the unmasked regions only.
To assess the quality of the edited regions, we report the edited-region
FID (edFID), obtained by extracting the edited regions and computing
pFID over them. For video editing, we report CLIP-Score (Radford
et al., 2021), FVD (Unterthiner et al., 2018), and cPSNR. For FID
related metrics, lower is better, for CLIP and cPSNR higher is better.

Comments. Quantitative results are summarized in Tables 1 to 3, with qualitative comparisons
shown in Figures 4 to 6. Training-free baselines achieve competitive performance across metrics
despite not being trained for such tasks. In particular, Table 1 shows that, under the same compute
budgets, the training-free method DING performs on par with, and in even surpasse the training-
based method SD3 + ControlNet. Qualitative examples in Figures 4 to 6 further corroborate these
findings. It shows high-quality edits and strong controllability for training-free methods, with visual
performance comparable to training-based counterparts.

Python package for editing. We release DInG-editor, a Python package for training-free
editing via inpainting that implements the pipeline in Figure 1. It currently supports image and video
editing with three image priors and two video priors; audio support is under active development.
DInG-editor is model- and sampler-agnostic: integration of new diffusion priors and training-free
samplers is straightforward. The package also provides evaluation scripts, pre-implemented image and
video metrics, and comprehensive installation and usage documentation to facilitate reproducibility.
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Reproducibility statement. All experiments are reproducible using the released Python package
DInG-editor2, which includes implementations of all training-free and training-based methods
considered in this work, along with the corresponding evaluation scripts.

Ethics statement. Test-time guidance lowers computational barriers for creative media applications,
broadening accessibility. However, diffusion-based inpainting methods are inherently dual-use and
may be misused to generate deceptive and harmful content, such as manipulated images or synthetic
media that obscure authenticity. This risk underscores the importance of responsible deployment,
including clear usage guidelines and traceable outputs.

A DETAILS ON MODELS AND BASELINES

Large-scale models. For image editing, we use SD3 (Esser et al., 2024) and FLUX (Batifol et al.,
2025), both equipped with a VAE featuring a spatial downsampling factor of ×8. For video editing,
we consider LTX (HaCohen et al., 2024), which employs a video VAE with spatial and temporal
downsampling factors of ×32 and ×8, respectively, and Wan2.1, which uses ×8 spatial and ×3
temporal downsampling. For all models, we use the default guidance scale provided by the authors.

Training-based methods. We include baselines that are explicitly trained for inpainting. For im-
ages, we evaluate ControlNet-based approaches, including SD3 ControlNet3 and FLUX ControlNet4.
The SD3 ControlNet model is fine-tuned on a large-scale dataset of 12 million image–mask pairs at
1024× 1024 resolution. Similarly, FLUX ControlNet is trained on 15 million images.

We also include FLUX Fill, a FLUX-based checkpoint trained specifically for inpainting5. For video
inpainting, we evaluate Wan2.1-VACE 1.3B, a dedicated video inpainting checkpoint.

Training-free baselines. We adopt the hyperparameters reported in Moufad et al. (2025, Appendix
Table 8). As FLAIR (Erbach et al., 2025) was not considered in Moufad et al. (2025), we detail
below its implementation and hyperparameters choices. We follow Erbach et al. (2025, Algorithm 1)
and build upon their official codebase6. We set the number of inner likelihood optimization steps to
n_likelihood_steps= 15 with early stopping threshold early_stopping= 10−4. Since
we consider different prior models from those in the original work, namely SD3, we use a fixed regu-
larization weight of 1, which we found to perform robustly in practice without requiring calibration
from the pre-computed flow-matching loss.

B INPAINTING IN LATENT SPACE

A key observation of Avrahami et al. (2023) is that, for the case of inpainting, guidance can be
carried out entirely in latent space by deriving an appropriate latent mask: the binary pixel space
mask is downsampled according; while The input is directly encoded as x∗ = E(input). This
equivalence allows inpainting problems to be formulated directly in latent space and benefit from
the its compressed representations. Moreover, it enables the application of training-free guidance
methods that are valid only for linear inverse problems; in particular, the closed-form update in
Equation (2.5) applies in this setting.

Limitations. Defining inpainting directly in latent space entails several limitations, as noted by
Avrahami et al. (2023). First, the quality of the reconstruction is inherently constrained by the encoder–
decoder pair of the diffusion model, although this limitation becomes less pronounced as recent
models continue to improve (Labs, 2025). Second, the encoder’s downsampling factor limits the
spatial granularity of masks that can be represented: masked regions smaller than the downsampling
scale may be ignored, leading to ineffective or inaccurate edits. Additionally, small or thin masked
regions can introduce artifacts due to leakage from unmasked regions, since the downsampled mask

2https://github.com/gen-TII/ding-editor-sub
3huggingface.co/alimama-creative/SD3-Controlnet-Inpainting
4huggingface.co/alimama-creative/FLUX.1-dev-Controlnet-Inpainting-Beta
5huggingface.co/black-forest-labs/FLUX.1-Fill-dev
6https://github.com/prs-eth/FLAIR/
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Figure 3: Visualization of context leakage in latent-space video inpainting. When lifting a pixel-
space inpainting task to the latent space, downsampling the mask without adjustment can lead to
boundary artifacts. From top to bottom row: input video, binary edit masks, reconstruction using
naive downsampled masks, and reconstruction using the dilated masks. Note that naive downsampling
(third row) causes the t-shirt’s original boundary (blue outline) to leak into the latent reconstruction,
whereas dilation (fourth row) successfully avoid this issue.

may not fully cover the intended area. Figure 3 illustrates this limitation in practice: the outline of the
blue shirt in the input video leaks into the edited result. The effect becomes more pronounced as the
encoder’s downsampling factor increases. In particular, we noticed in practice that this issue is more
evident for the LTX video model, which employs a spatial downsampling factor of ×32, compared to
Wan2.1, which uses a factor of ×8. We mitigated this issue by slightly overestimating the support of
the mask near the boundaries as illustrated in Figure 1, which alleviates boundary artifacts at the cost
of slightly altering the observed regions around the mask edges.

C EXAMPLES OF EDITING VIA INPAINTING

Here, we provide a side-by-side comparison of the DING and the considered baselines on image
editing tasks via inpainting on HumanEdit. The red overlay in the first column shows the masked
region to be edited and the text in the left-hand side of each row represents the editing prompt.

Qualitative results on video editing tasks can be found on the project webpage7.

(See the next pages for the gallery of examples)

7https://gen-tii.github.io/ding-editor-sub/
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Figure 4: Qualitative comparison of DING and SD3 with ControlNet (SD3 Inpaint) on HumanEdit.
The methods are limited to a runtime of 30 seconds per image
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Figure 5: Qualitative comparison 1 of DING Flux with ControlNet (Flux Inpaint), and Flux Fill on
HumanEdit. The methods are limited to a runtime of 30 seconds per image.
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Figure 6: Qualitative comparison between and training-free baselines on HumanEdit with SD3
model as prior. The methods are limited to NFE 50.
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