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Abstract

Text-guided image inpainting endeavors to generate new con-
tent within specified regions of images using textual prompts
from users. The primary challenge is to accurately align the
inpainted areas with the user-provided prompts while main-
taining a high degree of visual fidelity. While existing in-
painting methods have produced visually convincing results
by leveraging the pre-trained text-to-image diffusion models,
they still struggle to uphold both prompt alignment and visual
rationality simultaneously. In this work, we introduce FreeIn-
paint, a plug-and-play tuning-free approach that directly op-
timizes the diffusion latents on the fly during inference to im-
prove the faithfulness of the generated images. Technically,
we introduce a prior-guided noise optimization method that
steers model attention towards valid inpainting regions by
optimizing the initial noise. Furthermore, we meticulously
design a composite guidance objective tailored specifically
for the inpainting task. This objective efficiently directs the
denoising process, enhancing prompt alignment and visual
rationality by optimizing intermediate latents at each step.
Through extensive experiments involving various inpainting
diffusion models and evaluation metrics, we demonstrate the
effectiveness and robustness of our proposed FreeInpaint.

Code — https://github.com/CharlesGong12/FreeInpaint
Extended version — https://github.com/CharlesGong12/

FreeInpaint/blob/main/FreeInpaint.pdf

1 Introduction
Recent years have witnessed the success of large text-to-
image (T2I) diffusion models (Rombach et al. 2022; Sa-
haria et al. 2022; Cai et al. 2025; Yao et al. 2025) and
their exceptional ability to produce high-quality images. De-
spite the effectiveness of these generative models, users with
specific design requirements often face the need for iter-
ative interactions to achieve their desired outcomes. Text-
guided image editing (Hertz et al. 2022; Brooks, Holyn-
ski, and Efros 2023; Han et al. 2025) stands out as a trans-
formative approach that enriches the image generation pro-
cess by facilitating interactive refinement. Particularly, text-
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Prompt: A black formal dress on the kitten.

Prompt: A bouquet of colorful flowers in Hulk’s hand.

Prompt: A purple scarf around the bird’s neck.
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Figure 1: Comparisons between our FreeInpaint and exist-
ing methods. FreeInpaint simultaneously enhances prompt
alignment and visual rationality. Zoom in for better view.

guided image inpainting empowers users to create new con-
tent within specified regions of existing images, guided by
textual prompts. This capability opens up various applica-
tions, including object removal (Suvorov et al. 2022), photo
restoration (Lugmayr et al. 2022), and virtual try-on (Choi
et al. 2024; Wan et al. 2024; Li et al. 2025).

One straightforward approach to extending pre-trained
T2I diffusion models for text-guided image inpainting is to
blend diffused known regions with denoised unknown re-
gions during the reverse diffusion process (Lugmayr et al.
2022; Avrahami, Lischinski, and Fried 2022). However, this
technique frequently produces incoherent inpainting results
due to limited global scene comprehension and constrained
perceptual understanding of mask boundaries. To tackle this
issue, recent methods (Rombach et al. 2022; Nichol et al.
2021; Podell et al. 2023) have shifted their focus towards
finetuning T2I diffusion models by randomly removing por-
tions of the input image and compelling the model to re-
construct the missing areas based on the corresponding cap-
tion. Despite reasonable performance, this training strategy
leads to weak image-prompt alignment since randomly se-
lected regions can often be feasibly inpainted purely based
on image context, with limited consideration for the pro-
vided prompt. To improve prompt alignment, SmartBrush
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(Xie et al. 2023), ImagenEditor (Wang et al. 2023), and Pow-
erPaint (Zhuang et al. 2024) propose object-aware masking
strategies and leverage object descriptions as prompts. Be-
yond that, BrushNet (Ju et al. 2024) employs a dual-branch
architecture to reduce the training burden. While these meth-
ods alleviate prompt misalignment, the visual rationality of
generated images has been compromised (See Fig. 1).

To achieve both prompt alignment and visual rational-
ity concurrently, our investigation dives into the direct opti-
mization of diffusion latents within the reverse diffusion pro-
cess. Notably, we argue that two key ingredients should be
taken into account during inference. One is initial noise op-
timization at the beginning of the denoising process. Recent
studies (Wallace et al. 2023; Samuel et al. 2024) highlight
that pre-trained T2I diffusion models are sensitive to the
initial random noise, with not all randomly sampled noise
leading to visually consistent images. We reveal that this
sensitivity extends to image inpainting models as well. As
shown in Fig. 3, when different noise inputs are fed into
the inpainting diffusion model with identical text prompts,
a substantial inconsistency is observed in the image-prompt
alignment. Therefore, we posit that a well-optimized initial
noise can significantly enhance prompt alignment. The other
is task-specific guidance throughout the denoising process.
While leveraging the generative capabilities of T2I models
proves efficient across various downstream tasks, the gen-
erative data distributions derived from diverse training data
often deviate from the specific requirements of individual
tasks. Specifically, for the task of image inpainting, this dis-
crepancy will degrade the visual rationality of generated im-
ages. Training-free guidance has proven effective in aligning
generated images with task-specific objectives by utilizing
differentiable rewards to optimize diffusion latents during
inference (Dhariwal and Nichol 2021; Chefer et al. 2023).
Nevertheless, an effective guidance objective tailored for the
inpainting task remains underexplored.

By consolidating the idea of optimizing both initial noise
and intermediate latents during the denoising process, we
novelly present a plug-and-play tuning-free method, FreeIn-
paint, to enhance prompt alignment and visual rational-
ity in image inpainting. On the one hand, we introduce a
Prior-Guided Noise Optimization method, dubbed PriNo,
to direct attention maps towards valid inpainting regions.
Through contrastive analysis, we observe an obvious atten-
tion direction gap between prompt-aligned and unaligned in-
painting results. Recognizing that object presence and low-
frequency characteristics are predominantly established in
the early stages of denoising (Yang et al. 2023; Park et al.
2023), we propose an attention loss to steer the attention
maps of the first denoising step towards concentrating on
the masked region, and then optimize the initial noise with
respect to the gradients of the attention loss. This approach
effectively directs the randomly sampled noise towards a di-
rection that better aligns with the semantic context outlined
in the prompt. On the other hand, we exquisitely craft a De-
composed Training-free Guidance objective, dubbed DeGu,
customized for the inpainting task to guide the denoising
process. Specifically, we decompose the conditional distri-
bution of the inpainting process into three distinct objec-

tives: text alignment, visual rationality, and human prefer-
ence. Such decomposition enables the seamless integration
of off-the-shelf differentiable models to comprehensively
enhance the inpainting model’s perception and generation
quality, without any training or fine-tuning requirements.

The main contribution of this work is the proposal of
FreeInpaint, a tuning-free approach that facilitates the text-
guided image inpainting task by directly optimizing diffu-
sion latents during inference. Our method elegantly explores
how to optimize the initial noise with the prior knowledge
tailored to image inpainting, and how to improve the de-
noising process with task-specific guidance. By conducting
comprehensive experiments with a range of inpainting dif-
fusion models on the EditBench and MSCOCO datasets, we
demonstrate the effectiveness and robustness of FreeInpaint.

2 Related Work
Image Inpainting Image inpainting (Bertalmio et al.
2000), the task of filling missing regions in images, has ad-
vanced significantly with deep learning. While early meth-
ods employing Generative Adversarial Networks (GANs)
(Goodfellow et al. 2020) can complete contexts, they often
struggle to generate novel objects based on textual descrip-
tions. A recent breakthrough comes with diffusion models
(Dhariwal and Nichol 2021). Early blending-based diffusion
approaches (Avrahami, Lischinski, and Fried 2022) blend
the edited region with the unchanged parts of the image at
different noise levels. However, the edited areas often ex-
hibit visible artifacts and lack global consistency with the
overall scene. To address this limitation, current research is
predominantly focused on fine-tuning pre-trained diffusion
U-Nets. For example, Stable Diffusion Inpainting (Rombach
et al. 2022) refines a pre-trained U-Net by concatenating the
noise latent, mask, and known image latent as input. Con-
trolNet (Zhang, Rao, and Agrawala 2023) and BrushNet (Ju
et al. 2024) use dedicated branches to diminish the train-
ing load. Despite these advancements, these methods typi-
cally rely on randomly scribbled or prompt-irrelevant masks
during training, leading to potential neglect of the provided
prompt. To enhance prompt alignment, subsequent meth-
ods have utilized paired mask-description data (Wang et al.
2023; Xie et al. 2023) or introduced learnable prompts for
specific scenarios (Zhuang et al. 2024). In contrast, HD-
Painter (Manukyan et al. 2023) adopts a training-free ap-
proach. It reweights the self-attention scores according to
the alignment of the pixels with the prompt. Nevertheless, its
singular focus on prompt alignment often compromises vi-
sual rationality, resulting in a decline in overall quality. Our
FreeInpaint resolves this trade-off by decoupling the objec-
tives: it prioritizes prompt alignment through optimizing ini-
tial noise before denoising, and then guides each denoising
step to balance between prompt alignment and visual coher-
ence. This approach yields significant improvements in both
prompt adherence and overall quality.

Initial Noise Optimization Initial noise optimization re-
fines the initial noise latent to enhance the quality of images
generated by diffusion models. First introduced by DOODL
(Wallace et al. 2023) to improve guidance in T2I mod-
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els, this technique has since been applied to diverse tasks
like rare-concept generation (Samuel et al. 2024), improving
synthesis fidelity (Guo et al. 2024; Weimin, Jieke, and Meng
2025), creating 3D motion priors (Karunratanakul et al.
2024), audio generation (Novack et al. 2024), and solving
inverse problems (Ben-Hamu et al. 2024). Other works have
focused on improving its efficiency (Samuel et al. 2024) or
using reward-based optimization (Eyring et al. 2024). De-
spite these advancements, how to optimize the initial noise
specifically for the inpainting task has not yet been studied.

Post-Training Guidance In the T2I task, post-training
guidance manipulates the denoising process of pre-trained
models to steer generation towards specific objectives with-
out retraining. This area is pioneered by Classifier Guidance
(Dhariwal and Nichol 2021) and later advanced by CLIP
guidance (Nichol et al. 2021) and classifier-free guidance
(Ho and Salimans 2022) for improved text-guided sample
quality. Subsequent works leverage attention mechanisms to
influence object attributes (Chefer et al. 2023; Epstein et al.
2023; Xie and Gong 2024) under complex prompts. How-
ever, directly applying T2I guidance to image inpainting is
ineffective. Unlike the T2I task, which primarily aligns the
entire image with the prompt, image inpainting concentrates
on the relevance between the masked local area and the
prompt, alongside ensuring consistency between the masked
and non-masked regions in the image. Therefore, crafting a
tailored guidance objective for image inpainting is essential.

3 Preliminaries
Stable Diffusion Model Our work builds on the Stable
Diffusion (SD) model (Rombach et al. 2022), which han-
dles the T2I task in a latent space managed by a variational
autoencoder (VAE) (Kingma and Welling 2013). The VAE’s
encoder E(·) maps an image I ∈ Rh×w×3 to a latent z0, and
its decoder D(·) reconstructs the image from the latent. SD’s
forward diffusion process (Ho, Jain, and Abbeel 2020) grad-
ually adds Gaussian noise to z0 over timesteps t ∈ [0, T ]:

zt =
√
ᾱtz0 +

√
1− ᾱtϵt, (1)

where ϵt ∼ N (0,1) is noise and ᾱt is a noise schedule that
decreases from 1 to 0 as t increases. The reverse process
uses a denoising model, ϵθ, to predict and remove the noise
at each step, trained with the objective:

L = Ezt,t,ϵt∼N (0,1)∥ϵt − ϵθ(zt, t)∥22. (2)

For text-guided inpainting, the model is fine-tuned by
conditioning on a text prompt embedding c, a mask M ∈
Rh×w, and the masked image latent zm = E(I ⊙ (1 −
M)) to redraw the specified region. It estimates the noise
ϵθ(zt, t, c, z

m,M ′), where M ′ is a downsampled mask
matching the latent’s dimensions. These conditions are typ-
ically injected either by concatenation with the latent zt
(Rombach et al. 2022; Zhuang et al. 2024) or through a ded-
icated dual-branch architecture (Ju et al. 2024).

Diffusion Guidance Conditional diffusion is often steered
by guidance. In score-based diffusion models (Song et al.

2020), the score function is directly related to the noise ϵt:

∇zt log p(zt) = − 1√
1− ᾱt

ϵt. (3)

To introduce a condition c, Bayes’ Theorem (Jøsang 2016)
is used to derive a conditional score function:

∇zt log p(zt|c) ∝ ∇zt log p(zt) +∇zt log p(c|zt)

= − 1√
1− ᾱt

ϵt +∇zt log p(c|zt).
(4)

This leads to a modified noise prediction with a guidance
term (Dhariwal and Nichol 2021):

ϵ̂t = ϵθ(zt, t)−
√
1− ᾱt∇zt log p(c|zt), (5)

where the guidance term ∇zt log p(c|zt) acts as a correc-
tive gradient from a conditioning model (e.g., a classifier) to
guide the output towards satisfying condition c.

4 Method
We propose FreeInpaint, an innovative training-free frame-
work for image inpainting, as depicted in Fig. 2. Our frame-
work comprises two key components: Prior-Guided Noise
Optimization (PriNo, Sec. 4.1) and Decomposed Training-
Free Guidance (DeGu, Sec. 4.2). Initially, prior to the de-
noising process, we leverage prior knowledge of image
inpainting to optimize the initial noise latent, enhancing
prompt alignment. Subsequently, during denoising, we de-
compose the inpainting process into three conditional distri-
butions and apply specific guidance strategies to each, lead-
ing to improved visual rationality and human preference.

4.1 Prior-Guided Noise Optimization
A primary limitation of existing inpainting methods is the
failure to generate objects specified in the text prompt, a
problem we denote as prompt-unaligned. Since a model’s
output is highly sensitive to the initial random noise (Wal-
lace et al. 2023; Samuel et al. 2024; Guo et al. 2024), we
propose PriNo, a novel Prior-Guided Noise Optimization
strategy leveraging the attention mechanisms within inpaint-
ing models. PriNo optimizes the initial noise latent zT to
steer the model’s attention, promoting the generation of the
desired object during the early, structure-defining stages of
denoising (Yang et al. 2023; Yi et al. 2024; Park et al. 2023).

Misdirected Attention Our approach is motivated by an
analysis of the attention mechanism (Vaswani et al. 2017)
in inpainting diffusion models. In SD, the attention map is
computed as A = softmax

(
QKT /

√
d
)

, where d is the
feature dimension. The query Q is a projection of the vi-
sual features, while the key K is a projection of either the
prompt embedding c (for cross-attention) or the visual fea-
tures themselves (for self-attention). Thus, cross-attention
maps Ac indicate relevance between text tokens and visual
patches, while self-attention maps As indicate relevance be-
tween different visual patches.

To visualize attention maps across different inpainting re-
sults, we aggregate a cross-attention map Ac by averaging
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Figure 2: Our tuning-free FreeInpaint framework consists of two key stages: (1) Prior-Guided Noise Optimization (Sec. 4.1),
which optimizes the initial noise zT at the first denoising step t = tini to concentrate cross-attention (Ac

t=tini
) and self-attention

(As
t=tini

) maps within the masked region, improving prompt alignment; and (2) Decomposed Training-Free Guidance (Sec. 4.2),
which decomposes the conditional distribution of inpainting and leverages text alignment rc, visual rationality rm, and human
preference rq reward models to guide the predicted noise ϵθ(zt, t, c, z

m,M ′) during denoising, enhancing visual rationality.

Prompt-Aligned - Prompt: A yellow bird is diving towards the coral

Prompt-Unaligned - Prompt: A woman facing away in a light-colored shirt and pants

Prompt-Unaligned - w/ optimized initial noise

Masked
Image

Output
Image

Āc Ac
t=tini Ās As

t=tini

Figure 3: Visualization of cross-attention (cols 3-4) and
self-attention (cols 5-6). Row 2 shows misdirected attention
causing an unaligned result, while row 3 shows our opti-
mized noise concentrates attention for a successful align-
ment. The similarity between the first-step (t = tini) and
averaged maps validates our efficient optimization.

them across all text tokens at the h′×w′ spatial resolution of
the model’s feature maps. Similarly, a self-attention map As

is derived by averaging across all visual patches within the
masked region. Columns 3 and 5 in Fig. 3 display the atten-
tion maps using BrushNet (Ju et al. 2024), averaged across
all timesteps (Āc and Ās), for a prompt-aligned and un-
aligned inpainting example. We observe that prompt-aligned
inpainting results (row 1) exhibit highly concentrated atten-
tion within the mask, whereas unaligned instances (row 2)
suffer from misdirected attention that fails to concentrate
on the masked region. We hypothesize that this is a side

effect of training on global image captions with randomly
scribbled masks (Wang et al. 2023; Xie et al. 2023), which
teaches the model to prioritize background context.

Noise Optimization for Attention Steering To counter-
act attention misdirection, we propose an attention-steering
objective: minimize attention outside the mask while
maximizing it inside. This principle is applied distinctly to
each attention type to resolve their specific failure modes:

• Cross-attention Ac measures text-visual patch relevance.
Misdirected Ac incorrectly associates prompt content
with the background, failing to generate the desired ob-
ject within the mask. We correct this by forcing relevance
between the prompt and visual patches inside the mask,
ensuring prompt concepts manifest in the correct place.

• Self-attention As measures inter-patch visual relevance.
Misdirected As causes the inpainted region to be over-
influenced by the surrounding context. Our objective mit-
igates this, guiding the new content to focus on its own
structure, not the background.

To implement this objective, we design two correspond-
ing loss functions. The cross-attention loss encourages rele-
vance between the prompt and the masked region:

Lc =

h′∑
i=1

w′∑
j=1

[
(1−M ′

ij) ·Ac
ij −M ′

ij ·Ac
ij

]
, (6)

where M ′ ∈ Rh′×w′
is the downsampled input mask. Simi-

larly, the self-attention loss encourages the process to focus
on the masked region:

Ls =

h′∑
i=1

w′∑
j=1

[
(1−M ′

ij) ·As
ij −M ′

ij ·As
ij

]
. (7)
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Prompt: The letters ”water” on a brown paper box.

Input BrushNet BrushNet +
PriNo

BrushNet +
PriNo + DeGu

Figure 4: Sec. 4.1 PriNo improves prompt alignment and
Sec. 4.2 DeGu further refines image details.

Optimizing the initial noise latent using the attention map
averaged across all denoising steps is computationally pro-
hibitive. However, we observe that attention maps at the ini-
tial denoising step t = tini closely resemble the full average
attention maps, as depicted in cols. 4 and 6 of Fig. 3. Thus,
we compute Lc and Ls only at this first step.

We employ an effective update mechanism proposed by
(Guo et al. 2024), which tunes the mean µ and standard devi-
ation σ of the noise distribution zT ∼ N (µ, σ2), initialized
with µ = 0 and σ = 1. Our full objective is shown as:

Ljoint = λ1Lc + λ2Ls + λ3LKL, (8)

where λ1, λ2, and λ3 are weighting hyperparameters, and
LKL is a KL divergence (Kullback and Leibler 1951) to con-
strain the optimized distribution to remain close to N (0,1).
We iteratively update µ and σ with a learning rate lr for τiter
iterations to minimize Ljoint, then sample a new noise latent
z′T = µ′ + σ′zT for the inpainting process. The complete
procedure is detailed in the pseudocode in Appendix A. The
steered attention maps and refined inpainting results are il-
lustrated in row 3 of Fig. 3.

4.2 Decomposed Training-free Guidance

While our PriNo strategy improves prompt alignment, it
can leave finer details suboptimal. To enhance image detail
and visual rationality, we introduce DeGu, a Decomposed
Training-free Guidance approach. DeGu refines results by
decomposing the inpainting process into three explicit ob-
jectives, each guided by an off-the-shelf reward model.

Decomposing Inpainting Process As illustrated in Fig. 4,
even when the main object ”paper box” is generated cor-
rectly via PriNo, finer details (e.g., the drawn letter) and
image quality (e.g., brightness) can be lacking. To address
these limitations in detail and quality, we revisit the inpaint-
ing process from the perspective of conditional probability.
Then we decompose the inpainting process to tailor a fine-
grained guidance mechanism that targets text alignment, vi-
sual rationality, and human preference.

Existing guidance mechanisms lack fine-grained con-
trol specifically tailored for the nuances of image inpaint-
ing (Dhariwal and Nichol 2021; crowsonkb 2022; Jack000
2022; Xie and Gong 2024). We address this by formulating
the inpainting process as modeling the conditional probabil-
ity p(zt|c, zm), and decompose it to explicitly address the

key objectives for high-quality inpainting:

p(zt|c, zm)
1∝ p(c, zm|zt) · p(zt)
2
= p(c|zt) · p(zm|zt) · p(zt).

(9)

Here, proportionality 1 follows from Bayes’ Theorem
(Jøsang 2016), while equality 2 assumes conditional in-
dependence between the text c and masked latent zm (Gut
2013). To further enhance human preference, we consider a
human preference condition q, with p(q|zt) ∝ exp(rq(zt))
based on a human preference reward function rq (Song and
Kingma 2021). This allows us to augment the posterior
p(zt|c, zm) with condition q for a more refined distribution:

p(zt|c, zm, q) ∝ p(c|zt) · p(zm|zt) · p(q|zt) · p(zt). (10)
Instead of treating text-guided inpainting as a monolithic
process, we explicitly decompose this process into three
distinct and guided objectives: (1) text alignment p(c|zt),
enforcing alignment of the generated content to the text
prompt, (2) visual rationality p(zm|zt), ensuring coherence
between the generated and known regions, and (3) human
preference p(q|zt), promoting the overall aesthetic appeal
and plausibility of the generated image.

Reward-Guided Denoising Building upon the guidance
techniques in Sec. 3, we achieve multi-conditional guidance
by employing a weighted combination of score functions
(Song et al. 2020) during denoising:

∇zt log p(zt|c, zm, q) = − ϵt√
1− ᾱt

+ γc∇zt log p(c|zt)

+ γm∇zt log p(z
m|zt) + γq∇zt log p(q|zt),

(11)
where γ terms control the guidance strength. This novel de-
composition enables us to use specialized, off-the-shelf re-
ward models for each objective, leading to more refined and
controllable inpainting results. Specifically, we employ a re-
ward model rc for text alignment, rm for visual rational-
ity, and rq for human preference. Since the probability of
each objective is proportional to the exponential of its re-
ward score (i.e., p(·|zt) ∝ exp(r(zt))) (Song and Kingma
2021), we can directly refine the predicted noise:

ϵ̂t = ϵθ(zt, t, c, z
m,M ′)− γc

√
ᾱt∇ztrc(zt, c)

− γm
√
ᾱt∇ztrm(zt, z

m)− γq
√
ᾱt∇ztrq(zt, c),

(12)
Notably, we use

√
ᾱt as the reward modulator instead of the

conventional
√
1− ᾱt in Sec. 3. As

√
ᾱt is monotonically

increasing during denoising, it down-weights the influence
of unreliable predictions from initial noisy steps, which we
find empirically yields better performance. Finally, to keep
the unmasked region unchanged, we blend the inpainted im-
age with the original input. See pseudocode in Appendix A.

5 Experiment
5.1 Experimental Settings
Baselines We compare FreeInpaint against a suite of com-
petitive baselines, including SD1.5-Inpainting (SDI) (Rom-
bach et al. 2022), PowerPaint (PPT) (Zhuang et al. 2024),
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BrushNet-Random (BN) (Ju et al. 2024), SDXL-Inpainting
(SDXLI) (Podell et al. 2023), and the state-of-the-art DiT-
based (Peebles and Xie 2023) SD3-ControlNet-Inpainting
(SD3I) (alimama creative 2024). PPT uses paired mask-
description data for training, while others do not. Our key
competitor is HD-Painter (HDP) (Manukyan et al. 2023),
a training-free method focused only on prompt alignment,
while the other baselines are training-based. The same ran-
dom seeds are used across all experiments.

Implementation Details We evaluate our method and
HDP by integrating them with SDI, PPT, BN, SDXLI, SD3I.
In DeGu, the reward models are: local CLIPScore (Radford
et al. 2021) rc to assess the alignment between the prompt
c and the content generated within the mask M , InpaintRe-
ward (Liu et al. 2024b) rm to evaluate the visual coherence,
and ImageReward (Xu et al. 2023) rq to measure human
preference. Other details are in Appendix B.

Benchmarks We employ two benchmarks: EditBench
(Wang et al. 2023) and MSCOCO (Lin et al. 2014). Edit-
Bench provides handcrafted, scribble-like free-form masks.
For extended evaluation, we also use precise, object-aligned
layout masks from the MSCOCO validation set. As origi-
nal MSCOCO labels are single words, we generate detailed
mask captions using LLaVA (Liu et al. 2024a) to better as-
sess prompt alignment. More details are in Appendix B.

We define two prompt types: the global prompt, which
describes the entire image (the ”Full prompt” in EditBench
and the caption of an entire image in MSCOCO), and the
local prompt, which is a detailed, mask-level description
(the ”Mask-Rich prompt” in EditBench and our annotated
mask caption in MSCOCO). For inference, we use the local
prompt as it better simulates real-world scenarios, such as
adding content to a photograph.

Metrics To prevent metric leakage, we employ multiple
metrics beyond DeGu’s rewards. We assess: human prefer-
ence with ImageReward and HPSv2 (Wu et al. 2023), using
global prompts to be consistent with prior works (Ju et al.
2024) and better gauge overall image quality (distinct from
the local prompts used during inference); prompt alignment
with local and global CLIPScore; and visual rationality with
InpaintReward and LPIPS (Zhang et al. 2018). A user study
was also conducted for thorough, unbiased comparison.

5.2 Quantitative Results
Free-form Mask Inpainting On EditBench with scribble-
like free-form masks (Tab. 1), FreeInpaint comprehensively
improves all baselines. As our guidance directly targets
ImageReward, local CLIPScore, and InpaintReward, these
metrics show substantial gains as expected. Notably, our
method boosts the global-prompt-based ImageReward even
while using only local prompts in DeGu. Non-guidance met-
rics like HPSv2, global CLIP, and LPIPS also improve obvi-
ously, indicating holistic enhancement.

Furthermore, FreeInpaint consistently outperforms HDP.
This superiority is especially clear in cases where HDP de-
grades image quality. For instance, with the SDI baseline,
HDP worsens HPSv2, InpaintReward, and LPIPS scores,

ImageReward HPSv2 L.CLIP G.CLIP InpaintReward LPIPS ↓

SDI
Base -0.1341 23.36 23.90 26.13 -0.1732 0.2073

+HDP -0.0110 22.99 26.09 26.85 -0.3075 0.2419
+Ours 0.1753 23.65 25.92 27.59 -0.0595 0.2011

PPT
Base 0.0842 23.72 25.12 26.47 -0.2133 0.2244

+HDP 0.0554 23.30 25.51 26.58 -0.2445 0.2436
+Ours 0.2361 23.94 25.69 27.52 -0.1262 0.2116

BN
Base 0.2729 25.34 26.45 27.18 -0.1791 0.1947

+HDP 0.3836 25.20 27.08 27.69 -0.2124 0.2135
+Ours 0.5006 25.64 27.81 28.28 -0.0878 0.2005

SDXLI
Base 0.2318 25.10 25.87 27.93 -0.2792 0.2826

+HDP 0.1543 24.34 26.62 28.38 -0.3463 0.3206
+Ours 0.3455 25.14 26.62 28.29 -0.1888 0.2087

SD3I
Base 0.2993 25.48 26.26 27.43 -0.2170 0.2155

+HDP -0.5020 21.56 22.83 25.36 -0.2988 0.2516
+Ours 0.5248 25.70 26.98 28.31 -0.0694 0.2057

Table 1: Quantitative comparisons on EditBench dataset
with free-form masks. L/G.CLIP refer to Local/Global
CLIP. Bold indicates the best performance.

whereas our method provides substantial improvements.
This highlights FreeInpaint’s ability to simultaneously en-
hance prompt alignment and visual rationality, which we
attribute to our strategy of decoupling and separately op-
timizing for these two objectives. Furthermore, unlike our
approach, HDP is incompatible with the DiT-based SD3I,
highlighting FreeInpaint’s superior adaptability.

Layout Mask Inpainting To evaluate generalization, we
test on MSCOCO’s object-aligned layout masks (Tab. 2).
Our method’s strong performance extends to this dataset,
confirming its robustness across different mask types.
FreeInpaint demonstrates remarkable effectiveness even on
strong, specialized baselines, achieving top performance
across all metrics for both PPT (which is trained on paired
mask-description data) and the DiT-based SD3I.

While HDP is competitive on some metrics (e.g., Local
CLIP on BN), our method provides a better overall trade-
off. Take BN for example, FreeInpaint achieves better Im-
ageReward, InpaintReward, and LPIPS at the cost of a nar-
row margin on CLIP score. This confirms that our decoupled
optimization strategy achieves more robust enhancements in
both prompt alignment and visual rationality.

User Study Considering that quantitative metrics may not
perfectly align with human preferences in image generation
tasks, we conducted a user study. We randomly selected 30
samples from EditBench and MSCOCO datasets. 59 eval-
uators with diverse educational backgrounds independently
assessed the generated results from SDI, SDI + HDP, and
SDI + Ours, selecting the best based on prompt alignment
and overall quality. The win rates of the three models are
16.16%, 19.32%, and 64.52%, respectively, which demon-
strate a significant user preference for our method.
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ImageReward HPSv2 L.CLIP G.CLIP InpaintReward LPIPS ↓

SDI
Base 0.2574 25.50 24.09 24.63 -0.0206 0.1126

+HDP 0.2601 24.43 24.53 24.36 -0.0346 0.1231
+Ours 0.2591 25.69 24.41 24.94 0.0112 0.0844

PPT
Base 0.2593 25.52 24.67 24.72 -0.0149 0.1188

+HDP 0.2167 25.51 24.91 24.80 -0.0201 0.1180
+Ours 0.2671 25.79 25.09 24.91 0.0171 0.0861

BN
Base 0.2701 26.02 24.51 24.76 0.0140 0.0867

+HDP 0.2766 25.98 24.87 24.98 0.0097 0.0876
+Ours 0.2782 26.02 24.69 24.80 0.0568 0.0862

SDXLI
Base 0.2665 26.10 24.38 24.95 -0.0439 0.1802

+HDP 0.1810 24.22 23.73 24.54 -0.0565 0.2640
+Ours 0.3191 26.89 24.66 24.89 -0.0504 0.0683

SD3I
Base 0.2795 26.51 24.62 24.84 0.0093 0.1008

+HDP -0.0010 24.99 23.52 24.62 -0.1005 0.1072
+Ours 0.3422 27.10 25.14 25.13 0.0273 0.0680

Table 2: Quantitative comparisons on MSCOCO dataset
with layout masks. L/G.CLIP refer to Local/Global CLIP.
Bold indicates the best performance.

ImageReward HPSv2 L.CLIP G.CLIP InpaintReward LPIPS ↓

BN 0.2729 25.34 26.45 27.18 -0.1791 0.1947
BN + PriNo 0.3785 25.57 26.96 27.72 -0.2124 0.2021
BN + DeGu 0.3908 25.36 27.17 27.87 -0.0643 0.1944
Constant 0.3533 25.41 26.92 27.56 -0.1088 0.1936√
1 − ᾱt 0.3454 25.27 26.85 27.53 -0.1146 0.1922

Ours 0.5006 25.64 27.81 28.28 -0.0878 0.2005

Table 3: Quantitative ablation study on EditBench dataset.

5.3 Qualitative Results
Qualitative results are shown in Fig. 5 and 6 (prompts sim-
plified for presentation). In Fig. 6, both baseline methods BN
and HDP struggle to render text (I) or generate the correct
content (II, IV), while HDP produces an unnatural boundary
(III). In Fig. 5, the outputs of the baselines are either un-
aesthetic (I) or visually flawed (III). In contrast, our method
resolves all these shortcomings.

5.4 Ablation Study
We conduct an ablation study on EditBench using Brush-
Net to analyse each component’s effect (Tab. 3 and Fig.
4). The results confirm that our main components, Sec. 4.1
PriNo and Sec. 4.2 DeGu, are individually effective and
their benefits are additive. PriNo improves prompt-related
metrics but reduces the visual rationality metric InpaintRe-
ward, while DeGu compensates for this. We also analyze our
guidance modulator,

√
ᾱt, against alternatives

√
1− ᾱt and

a constant 0.5. Our chosen modulator demonstrates superior
performance across most metrics. For more ablation analy-
ses, please refer to Appendix C.

6 Conclusion
In this work, we present FreeInpaint, a plug-and-play
tuning-free framework for text-guided image inpainting. By
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Figure 6: Comparison against BN-based approaches.

optimizing the initial noise with priors tailored for inpainting
and guiding intermediate latents with a task-specific com-
posite objective, our method achieves both superior prompt
alignment and visual rationality. Specifically, the proposed
noise optimization steers attention toward masked regions
in the initial denoising process, while the composite re-
ward—combining text alignment, visual rationality, and hu-
man preference—effectively guides the inpainting process
without training. Experiments on multiple inpainting diffu-
sion models and benchmarks demonstrate the effectiveness
and generalizability of our FreeInpaint.
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