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ABSTRACT

Diffusion models have emerged as highly effective techniques for inpainting, how-
ever, they remain constrained by slow sampling rates. While recent advances have
enhanced generation quality, they have also increased sampling time, thereby lim-
iting scalability in real-world applications. We investigate the generative sam-
pling process of diffusion-based inpainting models and observe that these models
make minimal use of the input condition during the initial sampling steps. As

a result, the sampling trajectory deviates from the data manifold, requiring com-
plex synchronization mechanisms to realign the generation process. To address
this, we propose Time-aware Diffusion Paint (TD-Paint), a novel approach that
adapts the diffusion process by modeling variable noise levels at the pixel level.
This technique allows the model to ef ciently use known pixel values from the
start, guiding the generation process toward the target manifold. By embedding
this information early in the diffusion process, TD-Paint signi cantly accelerates
sampling without compromising image quality. Unlike conventional diffusion-
based inpainting models, which require a dedicated architecture or an expensive
generation loop, TD-Paint achieves faster sampling times without architectural
modi cations. Experimental results across three datasets show that TD-Paint out-
performs state-of-the-art diffusion models while maintaining lower complexity.
Github code: https://github.com/MaugrimEP/td-paint

1 INTRODUCTION

Given an image and a binary mask, image inpainting aims to generate the missing region while
preserving the semantics of the visible region. This task is challenging because the generated content
must not only be coherent with the existing parts of the image but also appear realistic. Additionally,
the generation process should be stochastic to produce diverse outputs. An effective inpainting
model must also address variations in mask shape and size. Generalizing to unseen masks during
training and accurately lling large missing regions further complicates the task.

Diffusion models have shown signi cant success as generative models (Dhariwal & Nichol, 2021;
Rombach et all, 2022), by approximating the distribution of real images through a xed Markov
chain that transforms Gaussian noise into the real image distribution. During training, a forward
diffusion process gradually adds noise to an image, and the model is trained to reverse this process,
learning to denoise and recover the original image distribution. During generation, the backward
diffusion iteratively removes noise from an initial Gaussian noise image. The trained model predicts
and removes noise at each step, gradually re ning the image until a photorealistic result is achieved.
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Figure 1:Comparison of noisy-condition models (e.g., RePaint) and TD-Paint generation pro-
cessesReverse denoising steps (X; 1jX¢)) are depicted ;- forward noising steps
(a(x¢jx¢ 1)) are shownn green lines — Here,x; represents the input to the diffusion process at
stept, mask denotes the conditional area (shown in white) and the region to be generated (shown in
black), and®; represents the model's prediction at diffusion dtefleft) RePaint (Lugmayr et al,

2022) generation processRePaint applies a cycle of reverse and forward diffusion steps. It can
be observed that the intermediate steps of the generation process lack consistency, changing from a
man with dark hair att 1 to a man with blond hair &; to a woman aR;. x. These changes occur

due to the synchronization process, where the initially predicted infagere not well aligned with

the given conditior{right) TD-Paint generation process In comparison, TD-Paint can use a clean
condition from the beginning of the inpainting process, resulting in a faster and more stable process.
Note how the intermediate TD-Paint steps are consistent from one to another.

Methods proposed in the literature have investigated using the standard diffusion model (Lugmayr
et all, 2022} Chung et al., 2022) for inpainting by combining the noisy condition with the current
generation at each step. This technique has its limitations. While the textures match, it creates
disharmony between the conditioning and generation parts. This disharmony comes from the fact
that, during the early steps of the generation process, the condition contains a lot of noise that the
model cannot leverage. Therefore, the generation moves away from the intended semantics and
produces unsatisfactory results. An illustration of such inpainting can be found in Flgure 1(left).

To address this limitation, RePaint (Lugmayr et/al., 2022) introduced a resampling mechanism that
repeats the diffusion steps multiple times, enabling the model to synchronize condition and gener-
ation better. Although RePaint produces highly faithful images, this resampling signi cantly slows
the generation process. Indeed, RePaint requires approximately 5k steps to generate a single image,
increasing time complexity. An illustration of RePaint's generative process is shown in Figure 1
(left). Other approaches introduce additional constraints at each diffusion step(Chung et al., 2022;
Li et all,[2023). For example, (Chung et al., 2022) integrates a correction mechanism that encour-
ages the diffusion path to remain close to the data manifold. This is achieved by minimizing the
reconstruction error of the known image region relative to the unknown region.

In contrast to models that use a noisy condifion(Lugmayr ef al.,|2022; Chung et al., 2022), our
Time-aware Diffusion Paint (TD-Paint) approach integrates the currently generated sample with
a clean condition. Our method uses semantic information from the beginning of the generation
process, resulting in a more ef cient and cost-effective approach. To achieve this, TD-Paint uses time
conditioning derived from the standard formulation of diffusion models. Instead of using a single
scalart for the entire image, TD-Paint assigns a uniqualue to each pixel. The known image
region is assigned a smallgrindicating lower noise levels. In contrast, the region to be generated

is assigned & value proportional to the current step in the generation process. An illustration of
TD-Paint's generative process is provided in Fiddre 1(right).

Our main contributions are summarized as follows:
» We propose a novel noise modeling paradigm for diffusion models that allows for integrating vary-
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ing noise levels into the input of diffusion models for the known and unknown regions. TD-Paint
exploits time conditioning in diffusion models to achieve faster and higher-quality generation.

* An extensive set of experiments on the challenging CelebA-HQ, ImageNet1K and Places2 datasets
demonstrates that our TD-Paint, not only outperforms state-of-the-art diffusion-based models but
also surpasses other inpainting methods, including those based on CNNs and transformers. Addi-
tionally, the results indicate TD-Paint is a more cost-effective solution for diffusion models.

2 RELATED WORKS

Inpainting aims to Il in a missing part of the image realistically. Traditional inpainting methods

try to combine techniques to propagate texture and structural information onto the missing parts
(Criminisi et all, 2004). Some algorithims (Grossauer, 2004) use large image datasets and assume
that the possible semantic space for missing regions is limited. In recent years, deep learning models
for inpainting have made impressive progress using two types of generative models| VAEs (Kingma
& Welling| [2013) and GANS| (Goodfellow et al., 2020; Mirza & Osindero, 2014).

(a) Single-Stage Inpainting: Most single-stage methods use the context encoding setting intro-
duced by Pathak et al. (Pathak etlal., 2016), with an encoder-decoder setup. A reconstruction loss
(L2) ensures global structure consistency, while an adversarial loss ensures the reconstruction is
realistic. Global consistency is an important consideration. CNNs are limited by a receptive eld
that grows slowly with network layers. Many layers are needed for information to travel from one
side of the image to the other. Dilated convolutipn (Yu & Koltun, 2015) has been uséd by [lizuka
et al|,[2017) to increase the receptive eld. Partial convolution (Liu &t al.,|2018) uses mask infor-
mation to attend only the visible regions. The pyramid context encoder (Zeng/et al., 2019) learns
an af nity map between regions in a pyramidal fashion. Fourier convolution (Suvorov et all, 2022)
aims to provide a global receptive eld to both the inpainting network and the loss function. Fast
Fourier Convolutions have an image-wide receptive eld, which helps with large missing areas.
Mask-Aware Transformer (MAT) (Li et al., 2022) is a transformer-based architecture that allows the
processing of high-resolution images. A customized transformer block considers only valid tokens,
and a style manipulation module updates convolution weights with noise to produce diverse outputs.

(b) Progressive Image Inpainting: These methods seek to address global consistency by using
coarse-to- ne multi-stage approaches. Multiple generations are possible for a large missing region
in single-stage training. Some may have a large pixel-to-pixel distance from the original ground
truth, which can be misleading when training models with pixel-wise distance losses. To address
this issue, Yun et al.| (Yu et al., 2018) proposed a two-stage generative approach. The rst stage
produces a coarse output optimized with L1 loss incorporating spatial discounting, while the second
stage re nes the output further using both global and local critics. Gated convolution (Dauphin et al.,
2017) has been used in a coarse-to- ne network to learn valid pixels (YU et al, 2019).

(c) Prior Knowledge Inpainting: These methods leverage and mine information from generative
models. Prior Guided GAN (PGG) (Suvorov et al., 2022) uses the latent space of a pre-trained
GAN and learns to map masked images to this space using an encoder. A masked image can be
mapped to a latent code during inference, and the generator can produce a corresponding inpainted
image. Deep Generative Prior (Pan et/al., 2021) relaxes the frozen generator assumption of GAN
inversion methods and proposes progressively re ning each layer. [PSP (Richardson et al., 2021)
uses StyleGAN (Karras et dl., 2019) latent space to encode an image into its latent space. Inpainting
is formulated as a domain translation task performed in the latent space of StyleGAN, removing
adversarial components from the training process.

(d) Diffusion Model Inpainting: While GANs have recently shown impressive results, most ap-
plications are limited to generating a speci ¢ domain. In contrast, Diffusion models have gained
traction for image generation; Denoising Diffusion Probabilistic Model (DDFM) (Ho Et al.,|2020)
and Denoising Diffusion Implicit Models (DDIM) (Song etel., 2020a) can generate very diverse
and high-quality images. Some unconditional diffusion models have shown the ability to perform
zero-shot inpainting (Sohl-Dickstein etl|al., 2015; Song éf al., 2020b) but provide only qualitative
results. The Pixel Spread Model (PSM) (Li ef al., 2023) uses a decoupled probabilistic model that
combines the ef ciency of GAN optimization with the prediction traceability of diffusion models.
Latent Diffusion Models (LDM)[(Rombach et &l., 2022) decouple two tasks: image processing and
compression, and the denoising process is learned in latent space instead of pixel space. Inpainting
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is performed by encoding the masked input image, downsampling the inpainting mask, and con-
catenating them as additional conditions to the denoising model. Designing an image and mask
conditional diffusion model requires a special architecture to accept additional input for inpainting,
as done in[(Rombach etlal., 2022; Li et [al., 2023), and often treats inpainting as a domain translation
task. In contrast, TD-Paint does not require any architecture modi cation by directly combining
the masked input and current generation with different noise levels. Differential Diffusion (Lévin &
Fried,[2023) introduces a new approach to soft-inpainting, where both the generated region and the
conditional input are modi ed to ensure coherence across the entire image. This method uses LDM
along with a strength map to focus on different image regions during each diffusion step. However,
Differential Diffusion operates on noisy conditional inputs. The Manifold Constrained Gradient
(MCQG) (Chung et all, 2022) adds a correction term to ensure each sample step remains close to the
data manifold, allowing for more stable inpainting. ReP&int (Lugmayr ket al.,|2022) which aligns
with our approach, combining the noisy conditional region with the current generation, where the
diffusion model iteratively updates missing pixels using the surrounding context. We observe that
during the early inpainting step of RePaint, the condition is dominated by noise and does not contain
any semantic information. This causes the model prediction to deviate from the target manifold (see
Figure[1(left)). A resampling mechanism is needed to synchronize the condition and generation re-
gions, allowing semantically corrected images to be produced at the cost of signi cantly increasing
computation time.

Instead of degrading the condition to the same level as the generation, we propose keeping it clean
and conditioning the missing part on the known pixels from the beginning of the generation process
(see Figurg]L(right)). Although it requires ne-tuning the model, our approach provides much faster
sampling by avoiding resampling (Lugmayr et al., 2022) or additional constraints(Chung et al.,
2022). We use temporal information to model the detail in the image. The condition, containing
clean data, is assigned a low noise level while the generation region starts with maximum noise that
gradually decreases during the process. This approach allows for a direct combination of the clean
and generated regions in the same space without changing the model architecture.

3 BACKGROUND ON INPAINTING DIFFUSION MODELS

Diffusion Models: Diffusion models learn a data distribution from a training dataset by inverting
a noise process. During training, the forward diffusion process transforms a dataxpairo
Gaussian noiser N (0;1) in T steps by creating a series of latent variadgs::; Xt using:

. p—
aiXejxe 1) = N(xe; 1 ¢x¢ 15 ¢l); (1)
where  represents the prede ned variance schedule. Giver 1 ty t = Qitzl i, and
N (0;1), x; at stept can be marginalized fromg using the reparametrization trick as follows:
p— P—
Xt = tXo+ 1 t- (2

The reverse denoising procgsgXx; 1jX¢;t) allows generating from the data distribution by rst
sampling fromxt N (0;1) and iteratively reducing the noise in the sequerge:::;Xg. The
model (x;;t) is trained to predict the added nois#o produce the samplbe at time stegt. The
model is trained using mean square error (MSE):

P— P—
L=E N (O;I);xo;tk ( tXo t 1 t;t) k%: (3)

RePaint Methodology: Given an image and a binary maskn, the goal of inpainting is to generate
the missing regiox specied byx (1 m) conditioned on the known region speci ed by

X m. For this, RePaint combines a noisy version of the conditin m with the previous output
of the generation process:

xo1 N PTxa@ o) (4)
Xe 1 N (O (xst); (Xe3t) (5)
Xt 15 X3 mM+x ., (1 m) (6)

RePaint uses the known pixels as a noisy condition to guide the generation of the unknown pixels. In
the rstinpainting step, inputs contain a high noise level and limited information about the condition.
This leads to samples that deviate from the intended semantics of the condition, often resulting in
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artifacts. To address this, RePaint introduces a resampling mechanism that harmonizes the two
semantics by applying forward diffusion on the output ; back tox;.;. The denoising and re-
noising process involves executing the same diffusion step multiple times during the generation
phase, sacri cing computational ef ciency to achieve higher image quality.

4 THE PROPOSEDTD-PAINT METHOD

In TD-Paint, the model is conditioned on known and unknown regions using the time ategady
present in diffusion models. Instead of usig ,;, Xo is combined directly withx; without forward
diffusion. This results in a faster diffusion process without changing the model architecture.

4.1 NOISEMODELING FORFAST INPAINTING

Training Process: The objective of TD-Paint is to enable the diffusion model to discern the infor-
mation content of each input region. This allows the model to differentiate between conditioned
regions and those needing to be painted. By maintaining the known regions free of additional noise,
TD-Paint preserves the maximum amount of information in these areas. Using the timalkies
for smooth and continuous modeling of information content. Regions from the known part of the im-
age are given awvalue close to zero, indicating minimal noise. On the other hand, regions that need
to be inpainted start with avalue close tdl', which progressively decreases during the generation
process. To do sd,2 f 0;:::; Tg s transformed from a scalar to a tenso2 f 0;::;; Tg" V. Sim-
ilarly, other variables are accommodated to perform a pixel-wise diffusion process. Withpene
pixel, ¢ (resp. ¢, t)becomes (resp. , ). Thisinnovative modi cation can be integrated
into most diffusion model training pipelines. Figyre 2 illustrates the intermediate images used for
training. During training, each inputimage pixej receives an amount of noise controlled By.
The forward diffusion process is then appliedxt@n a pixel-wise basis, as illustrated in Fig{ije 2
and can be formulated as: p__ p

X = Xo+ 1 ; (7)
inwhich N (0;1), train @Nd  yain IS @ training strategy to sample different noise per pixel.
The diffusion network then predictsusing less noisy regions to reconstruct more noisy regions by
optimizing the loss:

L=k  (x;)k: (8)

The nal component of TD-Paint training is the strategy used fgfi,. A random patch size and a
proportion of patches are sampled to de ne a condition. Based on this sampled proportion, the input
image is then divided into known regiors and unknown regions (with corresponding =0

andt = t). The possible patch sizes are de ned as powers of two2 .2 N;2' w, uptothe
maximum size of the image. The fraction of pixels designated as the known region is represented by
a real value within the interv0; 1], ensuring that at least one patch remains in the unknown region.
For example, as illustrated in FigJre 2 for a patch siz&28 25%of the pixels are assigned to the
known region.

Generation Process:Inpainting an image with TD-Paint involves sampling a tibfer the condi-
tioning regionx and a timet for the inpainted regiom using . Unless otherwise speci ed, we
set ; = 0 for the condition and , = t for the region to inpaint for training and generation. For
generation, the known region is merged with the current unknown regigp, and one reverse
step can be expressed as:

X =% (@1 my+x, m 9)

e p NCC (s ) (x5 ) (10)
This approach allows the use of input-known regions from the beginning of the diffusion process.

Consequently, we can eliminate RePaint's resampling mechanism, resulting in faster inpainting. The
general algorithm for inpainting an image with an arbitrarfunction is given by Algorithnj 1.
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Figure 2: lllustration of the TD-Paint patch- Figure 3: The conditional generation proce-
wise training procedure. Each region of the dure. TD-Paint modi es the standard denoising
input X receives a different level of noise con- process to condition the diffusion model on the
trolled by . The network uses less noisy re- known region without noise while gradually de-
gions to reconstruct more noisy regions. noising the generated region.

4.2 TIME-AWARE DIFFUSION ARCHITECTURE

Diffusion models using U-Net architectures

Algorithm 1 TD-Paint Generation Process. (Ronneberger et all, 20115) can incorporate a
Require: X xa) a condition time map  without requiring architectural
Reguire: m a cgr(1d(i)t)ion mask modi cations. This adaptation is achieved by

Require:  giving the condition noise level for @PPlying pixel-wise time conditioning to each
the known and unknown regions pixel in the feature maps.

1: xr N (0;1) Classical time conditioning rst uses a position
2: fort=T;::;1do embedding layer to obtain a time embedding
3: N (0;1) 2 RY from the time step:

doz N QD> lgelser =0 SLE®  (LEON: @D
5. X = x + 1

6

7

. t t whereL denotes linear layers, is the sigmoid

= @a m+ m function, anck is a sinusoidal timestep embed-
X = X (I m)+x m ding. Additionally, at each layer of the U-Net,
t t the vector is used to perform time condition-
8 Xt 1= P X p—— (X ; ) + ing with scale-shift normalization and can be
z written as:
9: end for +1 _ I .
10: return xo h.;J GN (h )I;] (1+ Lscal& ))+ LShIﬂél%,)

whereh' 2 R® M Wi gre the current features for laylelGN is a group normalization layer, while
L scaie@ndL ghirt are linear layers that change the dimension stbmdto ¢;. We apply the pixel-wise
time conditioning across each spatial dimengibby using ij instead ot as follows:

ij = L(E(D()i)  (LEMC)i)N) (13)
hij' = GN(h)ij  (1+ Lscad i ))*+ Lsnin( ij ); (14)
where 2 RY " W js the embedding of time, andD is a downscaling operation function that
rescales toh, wif]]

5 RESULTS ANDDISCUSSION

This section empirically shows that TD-Paint: (a) produces high-quality inpainting with a clean con-
dition on various mask sizes and shapes, on par or better than other inpainting models; (b) provides
more ef cient sampling, making it faster than other diffusion-based models without requiring a ded-
icated architecture; (c) generates diverse, high-quality images. Details on the training masks and
their corresponding ablation study are presented in Appgnfix A, and additional qualitative results
are provided in Appendix D. In Appendix C, TD-Paint is compared with state-of-the-art mask and
image-conditioned inpainting models: the CNN-based LeMa (Suvorov et al, 2022) and transformer-
based MAT|(Li et al., 2022).

We use bilinear interpolation, but min-pool or other techniques could be used with a similar effect.
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Figure 4:Qualitative results: TD-Paint against state-of-the-art inpainting methods on CelebA-HQ.
Zoom in for better details. Additional examples can be found in Appgnfix D.
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Figure 5:Qualitative results: TD-Paint against state-of-the-art inpainting methods on ImageNet1K.
Additional examples can be found in Appenfik D.

5.1 EXPERIMENTAL METHODOLOGY

Baselines:We evaluate TD-Paint against state-of-the-art diffusion-based inpainting methods in the
pixel space: RePaint (Cugmayr et|al., 2022), which conditions the generative process using noisy
inputs and synchronizes them with the output through resampling. MCG (Chung et al., 2022), which
adds a correction term to keep the generation closer to the data manifold, and CoPaint (Zhang et al.,
20234) that utilizes Tweedie's formula for better generation. Recent stlidies (Chund et dl., 2022;
Zhang et al), 2023a) have shown that CoPaint and MCG are among the best-performing inpainting
methods. We denote the RePaint-20 model as using 20 resampling steps, while RePaint-1 refers to
the model with 1 resampling step matching the number of steps used by TD-Paint. Furthermore, we
conduct comparisons with latent diffusion models that have access to the complete context: LDM

(Rombach et dl[, 2022) and ControlNet (Zhang €et[al., 2023b). Additionally, we compare against

foundation model-based latent diffusion approaches, including Blended Latent Diffusion (BLD)
(Avrahami et al., 2023), Uni-paint (Yang et|al., 2023), and PowerFaint (Zhuang/et al,, 2025).

Implementation Details: Our approach is validated using the CelebA-HQ (Karras ef al.,|2018)
dataset, the ImageNet1K (Russakovsky et al., 2015) dataset, and the Places2|dataset (Zhou et al.,
[2018) at 256x256 resolution. We modify the implementation of (Dhariwal & N|¢hol, 2021), main-
taining all their hyperparameters. Training on CelebA-HQ is conducted for approximately 150K
steps with batch size 64 on 4 A100, for ImageNetlK and Places2 for about 200K steps with batch
size 128 on 8 A100. For baselines, we utilize existing code and pre-trained models when available.
For ImageNet1K, we train LaMa for 1M steps on batch size 5 using their implementation, and MAT
for 300K steps on batch size 32 using their implementation. Both LDM and ControlNet are trained
using computational resources equivalent to TD-Paint. For LDM, the encoded masked image and
the downsampled mask provide additional context during the sampling process. For ControlNet, the
encoded masked image alone provides additional context.

Evaluation Metrics: Image quality is evaluated using established metrics from the inpainting lit-
erature: the Learned Perceptual Image Patch Similarity (Zhang et all, 2018) (LPIPS), the Structural
Similarity Index Measure (Wang et/dl., 2004) (SSIM), and the Kernel Inception Dis{anfuieo{@sk|

let al|, 2018) (KID) (using the TorchMetrics (Nicki Skafte Detlefsen et al., 2022) implementation).
The number of diffusion steps (NBS) and the mean time to inpaint an image (Runtime) are used to
evaluate the computational ef ciency of TD-Paint. For evaluation, we use 2,824 images from the
CelebA-HQ test set, 5,000 images from ImageNet1K, and 2,000 images from Places?2.
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Figure 6: Qualitative results: TD-Paint against state-of-the-art inpainting methods on Places2.
Additional examples can be found in Appenfik D.

5.2 COMPARISON WITHDIFFUSION-BASED MODELS

Wide and Narrow masks|In the standard image inpainting scenario, TD-Paint is compared using
WideandNarrow masks following LaMa[(Suvorov et Al., 2022) protocol. Tables 1[and 2 shows that
TD-Paint consistently outperforms other diffusion-based models, improving by 20% RePaint-20
LPIPS's on theWide mask on CelebA-HQ, ImageNetlK and Places2, and by 30% oiN#ne

row masks. MCG lacks global consistency, resulting in signi cant artifacta\éde masks, as

seen in Figuref]4 ar{d 5 where it produces eyes of different colors, strange textures, and inpaint-
ing artifacts. RePaint produces high-quality images at the cost of signi cant inference time. Our
approach can produce high-quality images while requiring much less processing time. When pro-
cessing small masks, LDM occasionally produces minor artifacts, as evident in the top rows of
Figure§ 4 anfl]5. These artifacts are more pronounced in ControlNet, which lacks mask information,
resulting in inconsistencies between known and unknown regions. Among foundation-based mod-
els, BLD demonstrates superior performance across all datasets, while Uni-paint and PowerPaint
show inferior results on CelebA-HQ but achieving better performance on ImageNet1K and Places?2.
This performance variation may be attributed to BLD's use of the provided LDM baselines (our
early experiments with Stable Diffusion yielded less favorable results), whereas both Uni-paint and
PowerPaint utilize Stable Diffusion as their foundation.

Super-Resolve 2xand Altern. Lines masks In the Super-Resolve 2sgetting, every other pixel

is removed from the image, while thidtern. Linessetting removes every other line. All pixel-
based baselines achieve low LPIPS scores and produce high-quality images for both types of masks
(see Figuref]4 tp]6). In contrast, latent-based models prove inadequate for this task due to their
downsampling of inpainting masks, which results in critical information loss. TD-Paint outperforms

all considered baselines on CelebA-HQ and comes a close second to CoPaint on ImageNet1K and
Places2, as shown in Tables 1 &nd 2. The third-best performing model is RePaint. Compared to
RePaint, TD-Paint improves LPIPS by 115% in tBeper-Resolve 2getting and by 69% in the
Altern. Linessetting.

Half and Expand masks The Half setting removes the right part of the images, andBkpand

setting keeps only the central 684 part of a 256 256 pixel image. Both LPIPS and SSIM metrics

are less suitable when a signi cant portion of the image is missing, as they rely on a single ground
truth. This penalizes methods that generate realistic images with semantics different from the ground
truth (Lugmayr et all, 2022). In this case, the KID, which measures the distance between distribu-
tions, is more reliable for assessing image quality. Apphadf andExpandmasks is particularly
challenging, as they remove substantial portions of the images. task where an important part of the
images is removed. This complexity is shown both visually in Figure$ # to 6 and by the quantitative
results in Table]|1 arjd 2. Our model performs best on bothi#tie and Expandmasks across all
datasets (except for CelebA-HQ where it comes close to LDM), as measured by the KID, while
signi cantly reducing the inference time. Figyré 4 shows that TD-Paint can produce high-quality
images in this challenging setting where RePaint lacks global consistency. On ImageNetlK and
Places2 (see FigurEs 5 drld 6), we observe that MCG and CoPaint often mirror the images from the
Half mask, resulting in symmetrical outputs. Similar behavior is observegixpandmasks, with

signi cant texture blending. ControlNet exhibits limited generalization capability when handling
very large masks, likely due to the absence of mask information, whereas LDM demonstrates robust
performance in these scenarios. Our analysis reveals that foundation-based models yield inferior
gualitative results on CelebA-HQ and Places2 datasets. However, they show improved performance
on ImageNetlK, where class names provide supplementary textual information, which is particu-
larly bene cial in scenarios with limited contextual information.
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Table 1: Quantitative results: LPIPS and SSIM evaluation of diffusion models for inpainting on
the CelebA-HQ, ImageNetlK and Places2 datasets.

CelebA-HQ Wide Narrow Super-Resolve 2x Altern. Lines Half Expand

LPIPS# SSIM' LPIPS# SSIM' LPIP$# SSIM' LPIP$# SSIM' LPIPS# SSIM' LPIPSt# SSIM'
RePaint-1 0:098 0823 Q076 0857 0273 0680 Q046 0925 0230 0581 0568 Q133
RePaint-20 0:067 0864 Q036 Q906 Q037 Q904 Q016 0951 Q189 Q645 0489 Q191

MCG 0:070 0823 Q045 0856 Q081 0829 Q030 Q903 Q173 0639 Q437 0250
CoPaint 0:073 0835 Q044 Q0877 Q033 Q899 0020 0929 Q185 0638 Q454 Q210
LDM 0:060 0863 Q049 Q0879 1233 Q040 Q740 Q126 0:168 0:662 0:432 0:228
ControlNet 0:091 0834 Q199 Q763 0593 Q187 0318 0362 0205 0620 0552 Q173
BLD 0:014 0:942 0:017 0:933 0:639 0206 0558 0254 0232 0621 0490 0:263
Uni-paint 0:119 0805 Q169 Q776 Q825 Q072 Q711 Q127 0282 0555 0687 Q102
PowerPaint 0:111 0821 0110 0837 (0788 Q111 Q567 Q207 Q300 0548 0604 Q155
TD-Paint 0:055 0873 0028 0918 0:017 0:939 0:010 0:971 0:170 0:667 0457 Q212
ImageNet1K Wide Narrow Super-Resolve 2x Altern. Lines Half Expand

RePaint-1 0:169 Q781 Q137 Q794 Q0622 0268 Q0245 0619 0336 0542 0680 Q097
RePaint-20 0:124 Q820 Q067 0854 Q169 0693 Q089 0816 Q301 0590 Q0676 Q134

MCG 0:120 Q780 Q075 Q806 0182 0649 Q104 Q768 0273 Q561 0634 Q152
CoPaint 0:137 Q798 Q080 0835 0:071 0:818 0:040 0:884 0:298 0578 0645 Q145
LDM 0:138 Q744 Q117 Q748 1101 Q032 0687 Q102 Q0292 0538 0620 Q135
ControlNet 0:171 Q728 0234 0672 0605 0163 0340 0340 0326 0523 0686 Q115
BLD 0:050 0:831 0:054 0:819 Q737 Q134 0599 Q190 0356 0521 0666 0:172
Uni-paint 0:210 0694 0263 (0645 Q795 Q076 0633 Q0153 0365 Q480 Q705 Q082
PowerPaint 0:196 Q712 Q0182 Q725 Q797 Q097 0520 0217 0356 Q490 0657 Q100
TD-Paint 0:099 0830 Q057 0:864 0:136 0648 0059 0847 0:257 0:603 0:597 0:159
Places2 Wide Narrow Super-Resolve 2x Altern. Lines Half Expand

RePaint-1 0:179 Q776 Q152 Q788 Q544 Q332 Q232 0656 Q347 Q541 Q0696 Q090
RePaint-20 0:138 Q816 Q078 Q853 Q155 Q729 Q085 0841 Q320 Q584 Q0688 Q121

MCG 0:131 Q788 Q092 Q809 Q250 0626 Q115 Q786  0:269 0:577 Q0618 Q156
CoPaint 0:133 Q804 Q082 Q842 0:071 0:828 0:037 0:902  0:282 Q584 Q630 Q150
LDM 0:128 Q807 Q112 Q803 1176 Q0026 Q706 Q091 Q0283 Q582 Q612 Q142
ControlNet 0:173 Q781 0234 Q730 Q614 Q170 Q312 0392 Q327 Q548 Q670 Q102
BLD 0:035 0:901 0:039 0:886 0:744 Q134 Q600 0206 Q335 Q567 0663 0:173
Uni-paint 0:184 Q753 0219 Q717 Q835 Q071 Q651 Q159 Q344 Q522 Q727 Q082
PowerPaint 0:187 Q774 Q0152 Q793 Q797 Q097 Q483 0258 Q348 Q536 Q0653 Q101
TD-Paint 0:112 0826 0064 0865 Q130 0696 Q060 0879 0273 0:594 0:607 0:146

5.3 QUALITY VS. EFFICIENCY

We compare the time ef ciency of different dif- o0 3. |npainting speed for different diffusion
fusion approaches working in the pixel space Q"Ylodel in the pixel space
computing the average time to sample 100 im- '

ages consecutively on a single V100, and th“CeIebA-HQ [PIPY¥ Runim& NBSH

results are reported in Taljlé 3. State-of-the-argapaint-1 0:076 1968 250
approaches require ovér longer to sample Rapaint-20 0;036 18962 4750
compared to TD-Paint. The increased time iny;~g 0:045 18459 1000
RePaint is due to the resampling mechanism~gpaint 0:044 12814 1000
needed to synchronize condition and generaTy _paint 0:028 3067 550

tion, while MCG requires an additional back
ward pass and more steps to optimize the im-

age. In contrast, our model reduces inference time by trading ne-tuning costs, enabling faster
generation of high-quality images than other diffusion-based inpainting models.

¥
>
3

Input Samplel Sample2 Sample3 Sample4 Input Sample 1 Samf)le‘vz Sample Sambi(

Figure 7: Examples of diverse generations using TD-Paint on the CelebA and ImageNet, with the
same input image and different initial noise. Additional examples are available in Ap@dix D.
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Table 2: Quantitative results: KID evaluation of diffusion models for inpainting on the CelebA-
HQ, ImageNet1lK and Places2 datasets.

CelebA-HQ KID#

Wide Narrow  Super-Res. 2x  Altern. Lines Half Expar
RePaint-1 0:00162 000423 007277 001271 000434 002399
RePaint-20  0:00115 000138 0016 07 0006 15 000418 002415
MCG 0:00110 000149 002292 0004 93 000118 001096
CoPaint 0:00197 000223 0007 48 000308 000342 001103
LDM 0:00010 000185 030401 0236 88 000101 0:00496
ControlNet 0:00314 009910 018062 007280 000357 004767
BLD 0:00005 000042 013401 010356 000520 002567
Uni-paint 0:00768 005462 045069 025260 001002 014414
PowerPaint  0:00830 001816 032138 014603 005107 021772
TD-Paint 0:00008 0:00009 0:00059 0:00024 0:00044 0:00710
ImageNet1K Wide Narrow  Super-Res. 2x  Altern. Lines Half Expar
RePaint-1 0:00128 000151 011127 001039 000224 000405
RePaint-20  0:00016 0:00007 0003 64 0000 68 000106 000594
MCG 0:00078 000007 0004 23 000128 000741 005379
CoPaint 0:00457 0000 34 0:000 39 0:000 05 0:01532 008538
LDM 0:00931 000789 021563 015021 001803 007600
ControlNet 0:00534 001442 006352 001714 000397 000542
BLD 0:00544 000589 004320 0064 94 001003 001378
Uni-paint 0:00708 002250 0064 00 009272 000611 001079
PowerPaint  0:00654 000857 015753 005563 000633 000980
TD-Paint 0:00001 0:00010 0:004 72 000041  0:00028 0:00386
Places2 Wide Narrow  Super-Res. 2x  Altern. Lines Half Expar
RePaint-1 0:00311 000221 011056 001134 001452 002565
RePaint-20  0:00044  0:000 26 0004 58 000147 000615 003235
MCG 0:00035 000047 0009 92 0002 96 000498 001609
CoPaint 0:00031  0:00005 0:000 76 0:00016 0:00184 002094
LDM 0:00078 000137 023759 013934 000392 001858
ControlNet 0:00277 000995 0126 10 002321 000852 001870
BLD 0:00025 0:00009 012399 012102 001862 003362
Uni-paint 0:00157 000901 024163 016531 000465 002602
PowerPaint  0:01814 000583 0217 82 005773 007471 025131
TD-Paint 0:00016 0:000 30 0:005 25 000027 0:00064 0:00836

5.4 DIVERSITY OF GENERATED IMAGES

While TD-Paint performs fast and high-quality inpainting, we must ask whether this comes at the
cost of diversity. To evaluate this, we compute the Diversity Score (Lugmayr et al., 2021) by gen-
erating 10 different images for 100 inputs. The quantitative results reported in Table 4. The most
diverse model is RePaint-1, which also has a high LPIPS score. In contrast, TD-Paint achieves a high
Diversity Score across most masks while consistently producing high-quality images (see Figure 7)
with lower LPIPS scores.

Table 4: Diversity Score on CelebA-HQ with 10 random generations across 100 images.

CelebA-HQ Diversity Scoré

Wide Narrow Super-Resolve 2x Altern. Lines Half  Expe
RePaint-1 23716 33355 32564 30917 22682 19669
RePaint-20 23:003 28276 23296 23277 23059 22618
MCG 17:694 18084 17427 17547 17690 17369
CoPaint 23979 27586 24840 24279 23802 23211
TD-Paint 22629 29402 27358 29331 23459 21753

6 CONCLUSIONS

In this paper, we introduce Time-aware Diffusion Paint (TD-Paint), a method that accelerates in-
painting by modeling multiple noise levels through time conditioning in the diffusion process. Un-
like other diffusion-based models, TD-Paint does not require any special architecture for inpainting,
and generates high-quality, diverse images more quickly. This ef ciency makes TD-Paint highly
practical for real-world applications and usable for resource-constrained devices.

10



Published as a conference paper at ICLR 2025

ACKNOWLEDGMENTS

This work was nancially supported by the ANR Labcom LLisa ANR-20-LCV1-0009. We thank
CRIANN, who provided us with the computation resources necessary for our experiments. This
work was performed using HPC resources from GENCI-IDRIS (Grant 2024-AD011013862R1).
We thank the Natural Sciences and Engineering Research Council of Canada (NSERC) and the
Digital Research Alliance of Canada.

REFERENCES

Omri Avrahami, Ohad Fried, and Dani Lischinski. Blended latent diffusid@M transactions on
graphics (TOG)42(4):1-11, 2023.

Miko aj Bihkowski, Danica J Sutherland, Michael Arbel, and Arthur Gretton. Demystifying mmd
gans.arXiv preprint arXiv:1801.014012018.

Hyungjin Chung, Byeongsu Sim, Dohoon Ryu, and Jong Chul Ye. Improving diffusion models
for inverse problems using manifold constraintddvances in Neural Information Processing
Systems35:25683-25696, 2022.

A. Criminisi, P. Perez, and K. Toyama. Region lling and object removal by exemplar-based image
inpainting. IEEE Transactions on Image Processidg(9):1200-1212, 2004.

Yann N Dauphin, Angela Fan, Michael Auli, and David Grangier. Language modeling with gated
convolutional networks. linternational conference on machine learnjiqpgp. 933-941, 2017.

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image syntAdsiances
in neural information processing systerdg:8780—-8794, 2021.

lan Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, and Yoshua Bengio. Generative adversarial netw@ksimunications of the
ACM, 63(11):139-144, 2020.

Harald Grossauer. A combined pde and texture synthesis approach to inpainting. da FPajdla
and Ji” Matas (eds.)Proceedings of the European conference on computer vippr214—224,
2004.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic mo#lél&ances in
neural information processing system8:6840—6851, 2020.

Satoshi lizuka, Edgar Simo-Serra, and Hiroshi Ishikawa. Globally and locally consistent image
completion.ACM Transactions on Graphics (To&36(4):1-14, 2017.

Tero Karras, Timo Aila, Samuli Laine, and Jaakko Lehtinen. Progressive growing of gans for im-
proved quality, stability, and variation. International Conference on Learning Representations
2018.

Tero Karras, Samuli Laine, and Timo Aila. A style-based generator architecture for generative
adversarial networks. IRroceedings of the IEEE/CVF conference on computer vision and pattern
recognition pp. 4401-4410, 2019.

Diederik P Kingma and Max Welling. Auto-encoding variational bayesarXiv preprint
arXiv:1312.61142013.

Eran Levin and Ohad Fried. Differential diffusion: Giving each pixel its strengiXiv preprint
arXiv:2306.009502023.

Wenbo Li, Zhe Lin, Kun Zhou, Lu Qi, Yi Wang, and Jiaya Jia. Mat: Mask-aware transformer for
large hole image inpainting. IAroceedings of the IEEE/CVF conference on computer vision and
pattern recognitionpp. 10758-10768, 2022.

Wenbo Li, Xin Yu, Kun Zhou, Yibing Song, and Zhe Lin. Image inpainting via iteratively decoupled
probabilistic modeling. InThe Twelfth International Conference on Learning Representations
2023.

11



Published as a conference paper at ICLR 2025

Guilin Liu, Fitsum A Reda, Kevin J Shih, Ting-Chun Wang, Andrew Tao, and Bryan Catanzaro.
Image inpainting for irregular holes using partial convolutionsPtaceedings of the European
conference on computer visigpp. 85-100, 2018.

Andreas Lugmayr, Martin Danelljan, and Radu Timofte. Ntire 2021 learning the super-resolution
space challenge. IRroceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognitionpp. 596-612, 2021.

Andreas Lugmayr, Martin Danelljan, Andres Romero, Fisher Yu, Radu Timofte, and Luc Van Gool.
Repaint: Inpainting using denoising diffusion probabilistic models. Phceedings of the
IEEE/CVF conference on computer vision and pattern recognippn11461-11471, 2022.

Mehdi Mirza and Simon Osindero. Conditional generative adversarial nets, 2014.

Nicki Skafte Detlefsen, Jiri Borovec, Justus Schock, Ananya Harsh, Teddy Koker, Luca Di
Liello, Daniel Stancl, Changsheng Quan, Maxim Grechkin, and William Falcon. TorchMetrics
- Measuring Reproducibility in PyTorch, February 2022. URttps://github.com/
Lightning-Al/torchmetrics

Xingang Pan, Xiaohang Zhan, Bo Dai, Dahua Lin, Chen Change Loy, and Ping Luo. Exploiting
deep generative prior for versatile image restoration and manipulatlBE Transactions on
Pattern Analysis and Machine Intelligene&l(11):7474-7489, 2021.

Deepak Pathak, Philipp Krahenbuhl, Jeff Donahue, Trevor Darrell, and Alexei A Efros. Context
encoders: Feature learning by inpainting. Aroceedings of the IEEE conference on computer
vision and pattern recognitigrpp. 2536—2544, 2016.

Elad Richardson, Yuval Alaluf, Or Patashnik, Yotam Nitzan, Yaniv Azar, Stav Shapiro, and Daniel
Cohen-Or. Encoding in style: a stylegan encoder for image-to-image translatiBrodeedings
of the IEEE/CVF conference on computer vision and pattern recognpier2287-2296, 2021.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, amh Bjmmer. High-
resolution image synthesis with latent diffusion modelsPtaceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognitipp. 10684-10695, 2022.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for biomed-
ical image segmentation. International Conference Medical image computing and computer-
assisted interventiqrpp. 234—-241, 2015.

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng
Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg, and Li Fei-Fei.
ImageNet Large Scale Visual Recognition Challeniggernational Journal of Computer Vision
115(3):211-252, 2015.

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, and Surya Ganguli. Deep unsupervised
learning using nonequilibrium thermodynamics. Iibernational conference on machine learn-
ing, pp. 2256-2265, 2015.

Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit moddisteima-
tional Conference on Learning Representatid2(320a.

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equatidngerta-
tional Conference on Learning Representatida2320b.

Roman Suvorov, Elizaveta Logacheva, Anton Mashikhin, Anastasia Remizova, Arsenii Ashukha,
Aleksei Silvestrov, Naejin Kong, Harshith Goka, Kiwoong Park, and Victor Lempitsky.
Resolution-robust large mask inpainting with fourier convolutions. Phoceedings of the
IEEE/CVF winter conference on applications of computer vispgm 2149-2159, 2022.

Zhou Wang, A.C. Bovik, H.R. Sheikh, and E.P. Simoncelli. Image quality assessment: from error
visibility to structural similarity.|IEEE Transactions on Image Processji@(4):600-612, 2004.

12



Published as a conference paper at ICLR 2025

Shiyuan Yang, Xiaodong Chen, and Jing Liao. Uni-paint: A uni ed framework for multimodal
image inpainting with pretrained diffusion model. Proceedings of the 31st ACM International
Conference on Multimedjgp. 3190-3199, 2023.

Fisher Yu and Vladlen Koltun. Multi-scale context aggregation by dilated convoluti@nXiv
preprint arXiv:1511.071222015.

Jiahui Yu, Zhe Lin, Jimei Yang, Xiaohui Shen, Xin Lu, and Thomas S Huang. Generative image
inpainting with contextual attention. IRroceedings of the IEEE conference on computer vision
and pattern recognitionpp. 5505-5514, 2018.

Jiahui Yu, Zhe Lin, Jimei Yang, Xiaohui Shen, Xin Lu, and Thomas S Huang. Free-form image
inpainting with gated convolution. IRroceedings of the IEEE/CVF international conference on
computer visionpp. 4471-4480, 2019.

Yanhong Zeng, Jianlong Fu, Hongyang Chao, and Baining Guo. Learning pyramid-context en-
coder network for high-quality image inpainting. Pioceedings of the IEEE/CVF conference on
computer vision and pattern recognitiopp. 1486—1494, 2019.

Guanhua Zhang, Jiabao Ji, Yang Zhang, Mo Yu, Tommi Jaakkola, and Shiyu Chang. Towards
coherent image inpainting using denoising diffusion implicit model$nternational Conference
on Machine Learningpp. 41164-41193. PMLR, 2023a.

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. Adding conditional control to text-to-image
diffusion models. IrProceedings of the IEEE/CVF International Conference on Computer Vision
pp. 3836—3847, 2023b.

Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shechtman, and Oliver Wang. The unreasonable
effectiveness of deep features as a perceptual metrierdeeedings of the IEEE conference on
computer vision and pattern recognitigop. 586-595, 2018.

Bolei Zhou, Agata Lapedriza, Aditya Khosla, Aude Oliva, and Antonio Torralba. Places: A 10 mil-
lion image database for scene recognitiBEE Transactions on Pattern Analysis and Machine
Intelligence 40(6):1452—-1464, 2018. doi: 10.1109/TPAMI.2017.2723009.

Junhao Zhuang, Yanhong Zeng, Wenran Liu, Chun Yuan, and Kai Chen. A task is worth one word:
Learning with task prompts for high-quality versatile image inpaintingeunmopean Conference
on Computer Visionpp. 195-211. Springer, 2025.

A ABLATIONS: TRAINING MASK

We examine the contribution of masks during training on the CelebA-HQ dataset using our mask
strategy (Ours) described in Section 4.1, LaMa masks (LAMA), and a random mix of the two
(Ours+LAMA). Unless stated otherwise, all results are reported with Ours+LAMA. Table 5 shows
that using LAMA over Ours reduces the error for every test mask exgeper-Resolve 2and
Altern. Lines which is explained by the more complicated design of LAMA, which produces
train masks closer to th@/ideandNarrow test masks and of more diverse shapes. Notably, using
Ours+LAMA masks still allows for very lovBuper-Resolve ZandAltern. Lineserrors compared to
LaMa errors on the same masks in Table 6. Using Ours+LAMA allows the bene ts of Ours masks
to be retrained while having loBuper-Resolve ZandAltern. Lineserrors.

Table 5:Ablation study for the types of training time map. The metrics show how the use of Ours
focuses more on very ne inpainting masks. The distribution of LAMA masks is closer to larger
inpainting masks, such afide Combining the two allows for strong performance across the range
of test masks considered.

CelebA-HQ Wide Narrow Super-Resolve 2x Altern. Lines Half Expand
TD-Paint LPIP® SSIM' LPIPS# SSIM' LPIP$ SSIM' LPIPS SSIM' LPIPSt SSIM' LPIPS# SSIM'
Ours 0:067 0862 Q032 0913 Q018 Q942 Q009 Q972 Q174 Q666 0463 Q244

LAMA 0:053 Q876 Q027 Q920 Q055 Q870 Q044 Q0920 Q168 Q665 Q445 Q229
Ours+LAMA  0:055 Q873 0028 Q918 Q017 Q939 Q010 Q971 Q170 Q667 Q457 Q212
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Figure 8: Image quality at different time step for 100 images on CelebA-HQ datasafideand
Half masks.

10° 4
1) —— TD-Paint Super-Resolve 2x
% RePaint Super-Resolve 2x
- 1071 4 —— MCG Super-Resolve 2x

0 250 1000 2000 3000 4000 4750

Number of steps

Figure 9: Image quality at different time step for 100 images on CelebA-HQ datasSufimar-
Resolve 2xnask.

B IMAGE QUALITY AND DIFFUSION STEPS

We compare the LPIPS metrics over the diffusion step for TD-Paint, RePaint and MCG in Figures 8
and 9 averaged over 100 images from the CelebA-HQ dataset. TD-Paint can produce high-quality
images in a fraction of the steps required by RePaint because it takes advantage of the state since the
early step of the diffusion process.

C CoMPARISON WITHCNN- AND TRANSFORMERBASED MODELS

We compare TD-Paint with LaMa (CNN-based) and MAT (transformer-based) models in Tables 6
and 7.

Wideand Narrow masksOur approach closely matches the performance of LaMa and MAT in the
Widesetting on CelebA-HQ and even surpasses them iiN#reow setting on CelebA-HQ, as well

as in both theVideand Narrow settings on ImageNet1K. As shown in Figure 10, LaMa tends to
generate pupils of different sizes when one eye is hidden ikMideand different eye colors in the
Narrow settings.

Super-Resolve 2and Altern. LinesmasksTable 6 shows that TD-Paint outperforms the baselines
by a wide margin. Particularly MAT struggles with this task and often produces images with signif-
icant artifacts and blurring (see Figures 10 to 12). In contrast, TD-Paint consistently achieves lower
LPIPS scores and higher SSIM values, re ecting superior image quality and performance.
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Half and Expand masksOn CelebA-HQ, TD-Paint achieves the best results across all datasets,
as indicated by the KID metrics (see Table 7). As shown in Figures 10 to 12, LaMa generates
blurry artifacts in both theHalf and Expandsettings, whereas our proposed model consistently
produces high-quality images. This behavior of LaMa may be due to over tting to the training mask
distribution, as suggested by previous studies (Lugmayr et al., 2022).

D ADDITIONAL QUALITATIVE RESULTS

We provide additional qualitative inpainting results compared to the state-of-the-art models de-
scribed in Section 5 and Appendix C.

For CelebA-HQ orWideandNarrowmasks in Figure 135 uper-Resolve 2andAltern. Linesmasks
in Figure 14 Half andExpandin Figure 15.

For ImageNetlK onVide and Narrow masks in Figure 16Super-Resolve 2and Altern. Lines
masks in Figure 1'Half andExpandin Figure 18.

For Places2 oiVideandNarrow masks in Figure 19%5uper-Resolve 2andAltern. Linesmasks in
Figure 20 Half andExpandin Figure 21.

Additional diversity results in CelebA-HQ and ImageNetlK can be found in Figure 22, and for
ImageNet1K with different conditional classes in Figure 23. Through class conditioning, TD-Paint

Table 6:Quantitative results: evaluation of CNN- and transformer-based models for inpainting on
the CelebA-HQ, ImageNet1K and Places? datasets.

CelebA-HQ Wide Narrow Super-Resolve 2x Altern. Lines Half Expand

LPIPS# SSIM' LPIPSt SSIM' LPIP$ SSIM' LPIP$ SSIM' LPIPS# SSIM' LPIPSt SSIM'
LaMa 0:052 0:882 0:.033 Q911 Q219 0662 Q110 Q728 0:161 0:693 0:410 0:257
MAT 0:055 0872 Q030 Q911 Q509 0201 Q251 0668 Q171 (0668 Q475 Q192
TD-Paint 0:055 0873 0:028 0:918 0:017 0:939 0:010 0:971 0:170 Q667 Q457 Q212
ImageNet1K Wide Narrow Super-Resolve 2x Altern. Lines Half Expand

LPIPS# SSIM' LPIPSt SSIM' LPIPS# SSIM' LPIP$ SSIM' LPIPS# SSIM' LPIPSt SSIM'
LaMa 0:107 0:832 0:068 0853 Q375 Q0422 Q271 0483 0281 0:618 0:626 0:196
MAT 0:143 Q751 Q095 Q781 0512 Q0257 Q410 Q422 Q308 0542 0633 Q144
TD-Paint 0:099 0:830 0:057 0:864 0:136 0:648 0:059 0:847 0:257 0:603 0:597 0:159
Places2 Wide Narrow Super-Resolve 2x Altern. Lines Half Expand

LPIPS# SSIM' LPIPS¢ SSIM' LPIPS# SSIM' LPIPS# SSIM' LPIPS# SSIM' LPIPSt SSIM'
LaMa 0:106 0:836 0:.064 Q864 Q477 Q0348 0187 0605 0281 0:625 0:611 0:212
MAT 0:131 Q792 Q079 0832 Q186 0658 Q087 Q795 0284 0580 0651 Q144
TD-Paint 0:112 0826 0:064 0:865 0:130 0:696 0:060 0:879 0:273 0:594 0:607 0:146

Table 7:Quantitative results: KID evaluation of CNN- and transformer-based models for inpaint-
ing on the CelebA-HQ, ImageNetl1K and Places2 datasets.

CelebA-HQ KID#

Wide Narrow  Super-Res. 2x  Altern. Lines Half Expar
LaMa 0:00096 000164 0059 09 003779 000627 009038
MAT 0:00007 000016 014992 005472 000080 005062
TD-Paint 0:00008 0:00009 0:00059 0:00024 0:00044 0:007 10
ImageNet1lK KID#

Wide Narrow  Super-Res. 2x Altern. Lines Half Expar
LaMa 0:00253 000084 0066 59 002376 000645 007249
MAT 0:01075 000704 0086 54 004574 002262 009540
TD-Paint 0:00001 0:00010 0:004 72 0:00041 0:00028 0:00386
Places2 KID#

Wide Narrow  Super-Res. 2x Altern. Lines Half Expar
LaMa 0:00038 000021 0096 99 001340 000378 002988
MAT 0:00089 000015 001516 0002 95 000320 013694

TD-Paint 0:00016 0:000 30 0:005 25 0:00027  0:00064 0:008 36
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Wide
Half Alt. Lines.

Sup. Res. 2x Narrow
Expand

Input LaMa MAT TD-Paint Input LaMa MAT TD-Paint

Figure 10:Qualitative results: TD-Paint against state-of-the-art inpainting CNN- and transformer-
based models on CelebA-HQ. Zoom in for better details. Additional examples can be found in
Appendix D.
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Figure 11:Qualitative results: TD-Paint against state-of-the-art inpainting CNN- and transformer-
based models on ImageNet1K. Additional examples can be found in Appendix D.

can generate diverse images based on different target classes. This mechanism allows TD-Paint
guiding the inpainting process toward speci ¢ semantic categories, resulting in more controlled and
contextually relevant image completions. This feature is especially useful when the inpainted region
must match a particular class, increasing TD-Paint's exibility and effectiveness across a range of
inpainting tasks.

Additional examples of inpainting using object-focused and region-speci ¢ masks are presented in
Figures 24 and 25. These examples feature user-drawn masks that naturally follow object bound-
aries and regional structures, demonstrating TD-Paint's effectiveness in practical image manipula-
tion scenarios. Such realistic mask shapes better re ect how users interact with inpainting tools
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Figure 12:Qualitative results: TD-Paint against state-of-the-art inpainting CNN- and transformer-
based models on Places2. Additional examples can be found in Appendix D.

in real-world applications, where selections typically correspond to meaningful objects or regions

rather than arbitrary geometric patterns.
Input LaMa MAT RePaint-20 MCG CoPaint LDM ControlNet BLD Uni-paint  PowerPaint ~ TD-Paint

Wide

Narrow

Figure 13: CelebA-HQ qualitative results

17



Published as a conference paper at ICLR 2025

Input LaMa MAT RePaint-20 MCG CoPaint LDM ControlNet BLD Uni-paint  PowerPaint  TD-Paint

Super-Resolve 2x

Altern. Lines

Figure 14: CelebA-HQ qualitative results
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Figure 15: CelebA-HQ qualitative results
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Figure 16: ImageNet1K qualitative results
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Figure 17: ImageNet1K qualitative results
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Figure 18: ImageNet1K qualitative results
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Figure 19: Places2 qualitative results
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Figure 20: Places2 qualitative results
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Figure 21: Places2 qualitative results
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Input Samplel Sample2 Sample3 Sample

Figure 22: Example of divers generation using TD-Paint on CelebA-HQ and ImageNet1K using the
same input image and different initial noise.
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Figure 23: ImageNet1K TD-Paint diversity qualitative results using different class conditioning. For
a line, TD-Paint is prompted with the same input image and mask but, with different classes.

27



Published as a conference paper at ICLR 2025

Figure 24: Demonstration of TD-paint application on the ImageNetlK dataset. The gure shows
user-drawn masks highlighting speci c regions or objects, followed by four generated image varia-
tions for each mask.
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Figure 25: Demonstration of TD-paint application on the Places2 dataset. The gure shows user-
drawn masks highlighting speci c regions or objects, followed by four generated image variations
for each mask.
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