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From Missing Pieces to Masterpieces: Image
Completion with Context-Adaptive Diffusion

Pourya Shamsolmoali, Senior Member, IEEE, Masoumeh Zareapoor, Member, IEEE, Huiyu Zhou,
Michael Felsberg, Senior Member, IEEE, Dacheng Tao, Fellow, IEEE, and Xuelong Li, Fellow, IEEE

Abstract—Image completion is a challenging task, particularly when ensuring that generated content seamlessly integrates with
existing parts of an image. While recent diffusion models have shown promise, they often struggle with maintaining coherence between
known and unknown (missing) regions. This issue arises from the lack of explicit spatial and semantic alignment during the diffusion
process, resulting in content that does not smoothly integrate with the original image. Additionally, diffusion models typically rely on
global learned distributions rather than localized features, leading to inconsistencies between the generated and existing image parts.
In this work, we propose ConfFill, a novel framework that introduces a Context-Adaptive Discrepancy (CAD) model to ensure that
intermediate distributions of known and unknown regions are closely aligned throughout the diffusion process. By incorporating CAD,
our model progressively reduces discrepancies between generated and original images at each diffusion step, leading to contextually
aligned completion. Moreover, ConFill uses a new Dynamic Sampling mechanism that adaptively increases the sampling rate in
regions with high reconstruction complexity. This approach enables precise adjustments, enhancing detail and integration in restored
areas. Extensive experiments demonstrate that ConFill outperforms current methods, setting a new benchmark in image completion.

Index Terms—Image completion, diffusion models, context-adaptive discrepancy

1 INTRODUCTION

MAGE completion, also called image inpainting, is an important

task in computer vision and image processing that aims to
reconstruct missing or corrupted portions of an image such that
the restored areas are both visually pleasing and coherent. This
technique is widely used in various domains, including image
editing [1]], [2]], image restoration [3]], [4], and the removal of
unwanted objects [S]]. At present, several state-of-the-art methods
use approaches such as GANs [6], [7]], [8]], transformers [9]], [[10],
and autoregressive modeling [[11]], [[12]. Despite their advance-
ments, these techniques often experience unstable training [[12f]
and struggle with filling large missing regions in images [2[], [8]l.
Recently, there has been a growing interest among researchers in
using diffusion models [[13|], [14] to address the above issue. These
generative models transform noisy images into natural-looking
images through sequential denoising steps. A common strategy
in this domain is to use a pre-trained, static diffusion model,
which eliminates the need for additional training and enhances the
model’s flexibility and adaptability. These methods address image
completion constraints by using various replacement strategies.
For example, by replacing predicted image regions with corre-
sponding parts from the reference image [15], or by incorporating
corrupted regions from the reference image into the intermediate
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Fig. 1: (a) Generated images by DPS, RePaint, and our ConFill, using
a fixed diffusion model on different masked inputs. (b) LPIPS score
vs. denoising timesteps for a single input image.

denoising process [16]], [17]]. Similarly, [2]] focuses on optimizing
pixel distribution rather than denoising, aiming to reduce the
number of iterations needed for training. Although these methods
modify large portions of an image, they struggle to properly
adjust the pixels in unknown areas to ensure consistency with the
surrounding context, resulting in noticeable discontinuities, which
significantly compromise the overall quality of the generated im-
ages [18]. Additionally, the sampling techniques used in [19], [20],
[21]] often compromise sample quality by introducing additional
noise, further limiting their effectiveness. In image completion,
the efficacy of diffusion models is significantly influenced by the
discrepancy metrics they use [22], [23]]. These metrics are im-
portant as they determine the fidelity of the transition from noisy
image to an output that aligns with the original image regions.
Traditional discrepancy metrics used in diffusion models, such
as Euclidean distance, generally focus on minimizing statistical
disparities without considering the complex spatial and structural
details of the images. For example, two images might have similar
pixel values but different textures or structures, leading to high
Euclidean distance but visually incoherent outputs [24]. Moreover,



the limitations of traditional discrepancy metrics become more
visible when models are required to adapt to the specific needs of
different regions of an image. Indeed, each part of an image may
have unique characteristics such as texture, lighting, or context that
require specific handling to achieve a realistic completion. DPS
[25] and SMCDiff [18]] use Bayesian optimization for conditioned
sampling, however, their reliance on computationally intensive
processes and approximations compromises both accuracy and
visual quality. Fig. [T] illustrates examples of incoherent image
completions for masked images. DPS shows a noticeable disparity
between the left and right sides of the generated images. RePaint
also has discontinuities in the reconstructions. MCG [26] uses
manifold constraints, but this can restrict diffusion process, leading
to underfitting and failing to capture complex data variability.

CoPaint [27] addresses this problem by modifying both the
known and unknown regions to achieve more seamless integration.
This approach alters key image features, such as edges that should
remain intact, leading to errors that compromise the objectives
of image completion. In these diffusion models, the focus is on
learning the overall noise distribution, with limited attention to
the alignment between consecutive denoising steps. While this
assumption of treating each step as independent can be effective
for completing small missing regions, it becomes problematic
when dealing with large or complex areas. Without explicitly
modeling the transitions between steps, inconsistencies can arise,
leading to artifacts or unrealistic completions, particularly in
regions requiring detailed reconstruction.

A potential solution is to optimize the mapping between
inverse diffusion steps. Recently, [23]] uses Brenier theorem [2§]],
[29] to ensure structural fidelity during transformations between
two probability distributions for generative task. Brenier theorem
provides a globally optimal solution for mapping distributions, but
it does not consider local coherence within patches of the image
[30]. In diffusion-based image completion, maintaining smooth
and coherent transitions across these local patches is essential.
This gap highlights the need for a more flexible alignment process
that can better handle the diverse patterns and textures within an
image. In this paper, we introduce ConFill, a novel framework
specially designed for image completion. ConFill overcomes the
limitations of traditional discrepancy metrics in diffusion models
and enhances both precision and contextual relevance in image
reconstruction. At the core of ConFill is the Context-adaptive Dis-
crepancy (CAD) method, which redefines the denoising process
by minimizing inter-step discrepancies in the diffusion sequence,
ensuring smoother transitions and improving alignment with the
original image content. CAD incorporates a context-sensitive
adaptation mechanism that dynamically adjusts to local image
attributes throughout the diffusion process. This ensures that each
image region is processed based on its unique characteristics,
thereby enhancing the alignment of the reconstructed image with
the original content. As a result, every step in the diffusion cycle
is optimized for better contextual consistency. Moreover, ConFill
enhances image reconstruction quality by selectively sampling
from the posterior distribution of intermediate images, which helps
reduce errors and improve the quality of the denoised output.

Indeed, ConFill through combination of CAD and dynamic
sampling bridges the gap between local and global features, dy-
namically aligning the diffusion process with both the immediate
context and the broader structure of the image. Additionally,
the framework optimises the iterative process of final image
generation, leading to more efficient computation and enhancing

the overall performance of the model.

In our experimental analysis, ConFill is evaluated on three
challenging datasets using masks of varying shapes and sizes. The
results demonstrate that ConFill outperforms existing diffusion-
based methods in achieving superior fidelity and coherence in
image completion tasks. These findings are supported by en-
hanced performance metrics in both qualitative and quantitative
analyses, highlighting the model’s effectiveness in complex image
completion. Specifically, ConFill achieves a relative improvement
of 10.9% and 6.7% in LPIPS scores compared to the leading
baselines, RePaint and CoPaint, respectively, on the ImageNet
dataset. Our main contributions are as follows:

e We introduce ConFill, a unified learning framework that
integrates our CAD model with an enhanced diffusion
model, providing a robust solution for image completion.
This integration enables the model to adaptively refine
image completions by using contextual features, resulting
in higher precision in denoising and improved coherence
across the completed images.

e ConfFill uses principles from the Brenier potential to de-
termine the transformation that minimizes the discrepancy
between latent distributions across different timesteps.
This approach reduces mode mixing, resulting in high-
fidelity samples that closely match the target data distribu-
tion and effectively address the inverse problem.

e Weintroduce a Dynamic Sampling mechanism that adjusts
sampling density based on structural complexity. This
strategy improves the focus and efficiency of the diffusion
process, particularly in regions with higher complexity.

The rest of this manuscript is structured as follows: Section 2
discusses related studies. In Section 3, we introduce the details of
ConFill. Section 4 discusses the experimental results and ablation
study. Finally, Section 5 provides the concluding remarks.

2 RELATED WORK
2.1 Image Completion

Conventional image completion models are based on robust low-
level assumptions, such as using local patches [31]] to reconstruct
missing regions in images. Recent advancements in CNN-based
methods for image inpainting [6[, [7], [12f, [32], [33], [34],
11351, (361, [37], [38]] generally adopt encoder-decoder structures
or variations of these stacked architectures. In particular, [32]
introduces a framework based on GANs that uses both local and
global discriminators. CoMod-GAN [39] is another remarkable
method that enhances imagine generation quality by including a
stochastic noise vector in the encoded representation. Building
upon the GAN framework, innovative components have been
integrated, including regional convolutions [40], regional normal-
ization [41]] and attentions [33]], [36]. New advances such as the
Vision Transformer [42] are also attracting significant interest in
the image inpainting community [9], [10], [11], [43]. Meaningful
priors, including semantic labels [44]] and edge information [45]],
perform an important role in improving the process. To generate
high-quality completions, multi-stage networks are a popular
approach. For instance, [46] demonstrates refinement of low-
resolution outputs through contextual aggregation. MAT [9] and
ZITS [37] represent transformer-based image inpainting systems
specifically designed for high-resolution images. However, their



multi-stage network structure tends to be slow for practical, real-
world applications. In contrast, LaMa [6] introduces a one-stage
approach by integrating multi-scale receptive fields to enhance
efficiency. However, the speed of these systems is still limited by
the conventional decoders they use.

While these approaches have demonstrated promising results
in image completion tasks, they largely rely on supervised learn-
ing, where networks are trained on specific types of degradation.
These approaches demand considerable computational resources
and often struggle with masks not seen during training, resulting
in limited generalization capabilities [2]. More recently, diffusion
methods have been gaining popularity for their impressive per-
formance in image generation tasks [47], [48], [49], [50], [51],
[52], [53]. An additional advantage of these methods is their
ability to perform image completion tasks effectively without the
need for training on specific types of degradation [54]. In this
section, we discuss existing diffusion-based image completion
methods, classifying them into two primary categories: supervised
and unsupervised approaches [55].

2.2 Diffusion Image Completion

Supervised diffusion-based image completion methods require
training a diffusion model designed for completion tasks, with a
focus on various forms of image degradation. In [56]], the diffusion
model receives the corrupted image at every stage of its training
process. A similar approach is adopted by [57] and [58]], in which
a text-conditional diffusion model is specifically designed for
completion tasks. In [59], an autoencoding model is integrated
to compress the image space, followed by the concatenation of
spatially aligned conditioning information with the model’s input.
In contrast, [48|] uses a non-expansive mapping approach to ag-
gregate the degradation operation throughout the training process.
In [15]], a conditional diffusion model is proposed, designed to
focus on refining and improving outputs from a deterministic
predictor through specific training of the diffusion model. Ad-
ditionally, [60] and [61]] address a range of inverse problems
by directly estimating conditional scores based on the specific
measurement model without needing extra training. [26] addresses
the inverse problems in diffusion models by integrating manifold
constraints and [62] introduces an enhanced inference method by
modeling variable noise levels at the pixel level. Recent studies
have explored extending diffusion models with external guidance.
ControlNet [63] integrates structured conditions like edge maps,
enabling precise control over outputs. Similarly, PowerPaint [64]
uses task-specific prompts to guide inpainting tasks. Both these ap-
proaches highlight the adaptability of diffusion models to specific
tasks through conditioning. However, these approaches require
training for specific types of degradation, leading to intensive
computational demands and limited adaptability to degradation
operators not used in the training dataset.

Unlike supervised approaches, unsupervised diffusion image
completion approaches rely on pre-trained diffusion models,
which eliminates the requirement for model structure adjustments.
Our method is categorised as unsupervised diffusion. [54] pro-
poses a modification to the DDPM (denoising diffusion proba-
bilistic models) [[13|] sampling process, involving the integration
of a noisy variant of the damaged image at every stage of the
denoising sequence. This approach is similarly applied in [[16]]
for text-driven image completion. In DDRM [55[, a posterior
diffusion process is formulated, demonstrating that its marginal
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Fig. 2: The evolution of the discrepancy during the denoising pro-
cess. This illustrates the mean pixel-wise discrepancy using Context-
Adaptive Discrepancy (CAD) (red), Wasserstein Discrepancy (blue),
and Euclidean Distance (orange).

probability distribution aligns with that of the DDPM framework.
This denoising process can be approximated as a weighted-sum
blending of the degraded image iteratively at each timestep. Even
if these blending-based techniques are effective, the images they
generate often lack harmony in the recovered parts, leading to
inconsistencies in the generated images [|17].

To address this challenge, RePaint [17] introduces a new
resampling strategy that incorporates a bidirectional operation in
diffusion time. This approach blends images from the current
timestep ¢ with a noisy version of the degraded image, enhancing
the reconstruction. The resulting blended images are then used
to generate outputs for the next timestep ¢ + 1 through a one-
step forward process. By incorporating this mechanism, RePaint
effectively reduces the visual inconsistencies commonly associ-
ated with basic blending methods. In [18]], it is demonstrated that
methods based on simple blending can lead to irreducible approx-
imation errors during the image generation process. To address
this, a particle filtering-based approach (residual resampling) is
proposed. In this method, for each timestep ¢, every generated
image is resampled according to its likelihood of producing the
known region of the degraded image at the previous timestep
t — 1. This method aims to enhance the accuracy of the generation
process by aligning it more closely with the known parts of the
degraded image. [65]] explores diffusion models through the lens
of deep equilibrium analysis, leading to the development of an
efficient method for inverting denoising diffusion implicit models
[[14]]. This approach focuses on optimising memory usage to make
diffusion models more effective. DDNM [15]] employs a blending
strategy that incorporates the damaged image directly into each
timestep of the diffusion process without adding any noise. Mean-
while, DPS [25]] addresses the task of completion by adopting
a method similar to classifier-free guided diffusion [66]]. This
method is focused on approximating posterior sampling, introduc-
ing a refined strategy for image completion. In a similar direction,
CoPaint [27] proposes an efficient inpainting framework based on
[[14]. By using Markov diffusion processes, this method enables a
deterministic sampling strategy that accelerates inference while
maintaining high-quality reconstructions. However, despite its
efficiency, the reliance on deterministic sampling limits diversity



in plausible completions, especially in complex inpaintings. Dif-
ferent from these methods, our approach refines the completion
process by progressively aligning the missing regions with the
surrounding context through an adaptive refinement strategy. By
incorporating structural and textural constraints into the denoising
process, our method ensures consistency across timesteps while
maintaining high fidelity in complex regions. This allows for more
accurate reconstructions that better preserve global coherence and
fine-grained details.

3 OUR METHOD
3.1 Problem Statement

Image completion is a process designed to fill in damaged or
missing areas of an image xy with content that is contextually
relevant and visually coherent. This objective can be written as

‘Ccompletion == ||5(i'0) - TO”% + FHjO - Pdata”%y (1)

where s(-) is an operator that extracts the known parts of the
image 7o, || - ||2 denotes the Lo norm and Piy, represents the
natural image prior, while / controls the trade-off between these
two objectives. Minimizing this loss ensures that the reconstructed
image Z( aligns with the known portions 7.

Diffusion models are widely used as effective methods for im-
age generation, excelling at modeling complex data distributions.
These models are particularly well-suited for image completion
due to their iterative denoising process, which progressively re-
fines noisy inputs into high-quality images. In image completion,
diffusion models start with a noisy version of the image and
iteratively refine it to produce a plausible output. In the forward
diffusion process, noise is progressively added into the image,

T
q(zrrlzo) = [ plaelwi-v), )
t=1

in which x; denotes the noisy image at timestep ¢, and T
represents the number of timesteps. Moreover, to control the
noise level, we can define the forward diffusion as q(a¢|x:—1) =
N (z4; /1 = Bixy—1, Bel), in which A/ denotes a Gaussian dis-
tribution, 3; denotes the variance of the noise added at timestep
t, v/1 — [3; scales the previous image x;_1, and I indicates the
identity matrix. In contrast, the goal of the reverse operation is to
recover xg from xp,

po(@i—1|xe) = N (xe—1; po(ze,t), 09 (s, 1)), 3)

in which g and oy denote the learned parameters of the model.

In pixel-wise comparison, current diffusion models typically use
the Euclidean distance to measure the discrepancy between the
generated Z; and the reference x; images as follows,

T
ﬁdiffusion = Eq(a:1;T|9:0) |:Z ||Jit — .fit||§:| . (4)

t=1

While Euclidean distance is simple and computationally efficient,
it has limitations for image completion: it treats all pixel differ-
ences equally, regardless of their spatial arrangement or context,
leading to minimized local pixel values but compromised overall
perceptual quality and coherence. Additionally, Euclidean distance
fails to capture complex structural and semantic relationships
within an image, overlooking higher-level features like edges,
textures, and object boundaries (see Fig. [2). It also does not

Algorithm 1 CAD

Require: Reference image ro, pre-trained denoising functions gy, G,
adaptability function parameters Var(z) and
Ensure: Transport map, minimizing CAD
1: Initialize transport map f : 9 — Y
2: Use adaptive function based on local image variance o(z) =
exp(—1) - Var(x))
: for each cell C; in ¥ do
Compute the adaptive weighting from w; = o(x;)
Match w; from region C; to the corresponding weight at y;
: end for
: Apply the cost function for contextual sensitivity: cc(z,y; C) =
c(z,y) x (1+v . e TIC@=Crol
8: Calculate the total cost of

f@): [(@) = Xiex Jo, co (@, f(z))de()

9: Use gét> (z) to refine intermediate reconstructions at each timestep
t

10: fort =T to 1 do

11: Compute the reconstructed image &; = gét) ()

12: Update f by minimizing the total cost using w; and Z;

13: end for

14: return Transport map minimizing CAD (use as input for Algo-
rithm 2)

S NV NN

consider the broader context, leading to inconsistencies where
generated pixels appear out of place with their surroundings.
Another approach to addressing this limitation is the Wasser-
stein Discrepancy (WD) [67]]. At the core of this method is the
gradient of the Brenier potential, which defines the optimal trans-
port map for transforming the degraded image distribution into
its restored form with minimal cost. This alignment helps capture
the underlying geometric structure, ensuring that the generated
content is consistent with the reference image. WD is defined as:
W(P,Q) = inf
YEI(P,Q)
in which P and Q denote probability distributions, and TI(P, Q)
represents the set of all distributions that have P and Q as their
marginal distributions. As shown in Fig. [2| while the WD outper-
forms the Euclidean distance by considering spatial relationships
and the distribution of pixel values, it still does not minimize
the discrepancy between the generated and reference images
effectively. This indicates that although WD captures geometric
structure, it does not fully address factors such as local coherence
or semantic alignment.

E(w,y)fv"/[Hx - yH]? 5)

3.2 Foundational Strategy

To address the above limitations, we introduce CAD, which
integrates contextual information into the discrepancy measure as

We(z,y; C) = [[Ve(z) —yl* - f(Clx),C(y), (6

in which C(-) denotes contextual features extracted from the
image, such as texture or color gradients, ¢(z) is the Brenier
potential that defines an optimal transport map to ensure mono-
tonic and cost-efficient displacement of probability mass between
latent distributions. The discrepancy function adapts dynamically
based on local and global features, aligning the generative process
to a transport-based regularization, and f (-, -) is a scaling function
based on the differences between these features

f(C(x),Cly) = 14w e7mIC@=CWI @)

where v and 7 mainly control the sensitivity of the scaling
function to contextual differences. This process ensures that the
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Fig. 3: The ConFill framework. The red curve represents the CAD
inverse diffusion steps, which iteratively balance the distribution
of image patches across the latent space. The green and red hills
represent latent distributions closer to the final completed image and
noisy initial steps, respectively.

discrepancy metric dynamically adjusts to both local and global
image features, providing a more accurate measure of similarity.
Therefore, the CAD loss can be written as

T
‘CCAD = Eq(thlxo) |:Z WC ('ih Zos C) (8)

t=1

In our approach, we refine x; by minimizing the CAD loss

Loap = ||loe — po(@r41,t+ D3 + v - Wes(ge(4)), 03 O),
©))
where 7y, is a weighting parameter, and gy is the denoising func-
tion. Then apply gradient descent to update z; at each timestep
(xt—1 = m — A - Vo, Loap), where X is the learning rate.
Considering the diffusion process for all ¢, the denoising follows a
deterministic process aimed at minimizing CAD between Z7 and
the original data distribution, aligning the model with the target
distribution. Therefore, CAD directly influences the optimization
objective in Eq. @) and estimation of . Thus, the completion
constraint O : s(Zp), can be applied to Z7. Therefore, address-
ing the image completion challenge depends on determining an
optimal 7 guided by the posterior distribution
po (27 | O) = pg (27) - dcap (s(20) = 70), (10)
where dcap is the delta function in the context of CAD, em-
phasizing the optimal alignment of Zo and 7¢. As established
in Eq. and Eq. (3), ps (27) is a Gaussian distribution. No-
tably, pg (s(&9) = o | 1) represents the conditional likelihood
of s(Zo) at rg, given Zr. With Zr fixed and & as a deterministic
function of Z7, this measure is represented by a delta function
dcap(+), which reflects the alignment between s(&) and 7.
This function indicates perfect alignment, where the CAD is
minimized, ensuring that the transformation between image distri-
butions more effectively minimizes discrepancies. Consequently,

Algorithm 2 ConFill

Require: f (from Algorithm 1), 7o, go, {, 7, G, and )\ (att)
1: Imitialize: £ ~ N(0,1)
2: Sett=Tandj=J
3: while ¢t > 0 do
4: Step 1: CAD Refinement
5: Compute transport potential: V¢ (Z+) (Eq. @)
6 Update &; by minimizing: CAD(Z¢,70) + A¢||Ve(Ze) —

24| (Eq. @)
7: Apply gradient penalty to enforce Lipschitz constraints.
8: Step 2: Reverse Diffusion Update
9: Compute Z¢—1 via CAD-driven transition: Z;—1 =
90(t)(21) — AVy (&)
10: Reduce timestep: ¢ - ¢ — 1
11: Step 3: Temporal Regression
122 ift <T —tand ¢t mod { = 0 then
13: if 7 > 0 then
14: Predict &, , ¢ via transition distribution q(Z, , ¢|%+) (Eq.
(L)) )
15: Adjust timestep: t <t +t—1
16: Decrement jump count: j <— 5 — 1
17: else
18: Reset jump count: j < J
19: end if
20: end if

21: end while
22: Output: Reconstructed image Zo

the logarithm of the posterior distribution in Eq. (T0) can be
directly estimated as follows

logpe (7 | ©) = =3 &7l — 523 CAD (ro, s(F, (27)))* + T,
i (I
where F, (1) = & represents that &g is functionally depen-
dent on Z7. The I' denotes the normalising constant, while vy
represents the dispersion of the distribution, shaping the precision
of the CAD-based approximation. As yr tends towards zero, the
approximation in Eq. (TT) becomes increasingly accurate. Indeed,
optimally selecting y7 can significantly enhance performance. Eq.
provides a basis for determining Zp using the optimiza-
tion method. The first part of this equation serves as a guiding
framework, while the second part imposes a constraint to ensure
accurate completion. To estimate Z7, we use wasserstein gradient
flows [68] to generate random samples from complex distribu-
tions. This optimization effectively addresses the inconsistency
issues observed in current methods [[69].

Contextual Feature Extractor (C(-)): To compute the context-
adaptive discrepancy co(x, y; C'), the C(-) combines handcrafted
and learned features. I) Handcrafted features are used to capture
low-level structural and color information. These include edge-
based features, texture-based features, and color distributions.
Together, these features provide a robust representation of local
structural patterns and variations in color across the image. II)
Learned features are used to extract high-level semantic features,
including object boundaries, relationships, and contextual patterns.
Our workflow is illustrated in Fig. E[ In our model Algorithm 1
computes the transport map f by minimizing the CAD loss. This
ensures alignment between the generated regions and the known
parts of the image using adaptive weightings and cost functions.
f serves as an intermediate representation and acts as input to
Algorithm 2. This Algorithm takes f along with gy to iteratively
refine the image reconstruction.

One of the challenges with our approach is its computational



demand. Specifically, generating the final output F,, (&) and cal-
culating its gradient require executing both forward and backward
passes through a denoising sequence. To address this, it is essential
to improve the computational efficiency of the algorithm while
preserving the efficacy of our strategy. Referring to the discussion
in Sec.[3.2] a practical modification involves substituting the com-
plex evaluation of 7, (Zr) in Eq. with the gradual generation
géT) (Z7). This adjustment expedites the approximation of the
final output and streamlines the computation process. Therefore,
we establish an estimated conditional distribution model for s(Zg)
conditional on &, represented as py(s(&o)|&7). This estimation
is produced by a singular step generation, s(géT)(iT)), and in-
corporates a small Gaussian perturbation to model the variability.

py(@r]s(20)) ~ N (s(E0); s(95" (1)), v2D),

in which /. denotes the parameter of standard deviation. Upon
integrating this estimated distribution, we obtain an accurate
approximation of the posterior distribution

12)

2
log pjy (27 | O) =~ f% Hlelg - ﬁC’AD (7'0, s (géT> (:iT)>) +1,
13)
in which I" acts as a normalisation factor. To effectively reduce the
approximation gap, between pg(s(&o)|Z) and py (s(&o)|ZT), we
propose adjusting the variance parameter v/ with respect to CAD.
This ensures the estimated distribution more accurately reflects the
true distribution, thereby enhancing the approximation.

1 =2 2 0AD (s (957 @) ()

we adjust 7&2 based on the average CAD across samples, where
A represents the ro’s dimension. Here, CAD(-, -) measures the
shortest distance between the transformed versions of Z7 and
Zo. Maximizing Eq. with respect to £ aims to balance
the image completion constraint with prior regularization. Indeed,
unlike Eq. , which minimizes yr, Eq. adjusts /. to be
sufficiently large. This adjustment minimises the approximation
error, thereby reducing the emphasis on the image completion
constraint in Eq. (I3). Consequently, this ensures a balanced
approach to minimizing errors while maintaining image integrity.

(14)

3.3 Dynamic Sampling

To enhance the effect of CAD in regions with varying complexity,
we introduce a novel dynamic sampling technique. This strategy
dynamically modulates the sampling density by using an adaptable
function, which evaluates the textural and structural complexity
inherent in each image region. Textural complexity is quantified
as the local variance of pixel intensities within a region as
Var(z) = + SN (i — p)?, where p = + SN | x;, and
represents the pixel intensities. Moreover, the structural complex-
ity is measured using edge density (ED), defined as the proportion
of edge pixels in the region. The two measures are combined into
the adaptability function g(x), which assigns weights based on the
relative contributions of textural and structural complexity:

ow) = a-exp (—y- YY) L §ED(),  (15)
where & and B control the relative importance of textural and
structural complexity, V ar(z) represents the local variance within
a specific region of the image, and ) is a scaling parameter that
adjusts sensitivity to textural variations. The dynamic sampling
process enhances CAD computation by integrating the adaptability

6

function as a weighting factor within the discrepancy measure.
Consequently, CAD can be computed as

CAD(z,y) = X o(i) - W (P, y,)s

where W (py,,py,) is the discrepancy between the distributions
Dz, and p,, at points z; and y;. During the image completion
process, the sampling rate for each pixel or region is adjusted
based on o(x), effectively increasing the density of sample points
in regions with higher complexity S(z) = [m - o(x)], where
S(z) represents the number of samples, and m is the maximum
samples per region. By dynamically adjusting the sampling based
on local image characteristics, CAD enables more precise control
over the restoration process. The CAD framework balances local
and global features by capturing edges and textures through the
handcrafted component of C(-) and ensuring global semantic
consistency using high-level features from a pre-trained network.
This dual strategy dynamically adapts the discrepancy metric,
aligning fine-grained details with broader structural coherence for
superior completion quality.

(16)

3.4 Gradual Approximation

To further refine our stochastic diffusion process, we gradually
refine the approximation error at each stage of the process. This
ensures that the approximated generation closely aligns with the
reference image . Our diffusion model draws samples Z.7 from
an estimated posterior distribution pj(Zo.7|O), in order to reduce
the gap between the estimated distribution and the true distribution
of Zo.7 given O, which can be expressed as

Py (@01 | ©) = ply (1 | O) Ty Py (&1-1 | &1, 0) o
in which pj, (Z7 | Or) is defined based on minimising the CAD,
as indicated in Eq. (13). To compute pj) (&¢—1 | &, ©), we apply
a series of Gaussian approximation distributions to minimize the
distance to the true conditional distributions at each step ¢, similar
to the approach described in Eq. (T2).

Pl (&0 — s(20)) ~ N (CAD(gf (3) = s(i0)),1-72) .
(18)
For minimising the gradual approximation error, we define 77 as
per Eq. (14), with ¢ replacing 7. This adjustment allows us to
more accurately compute py(Z¢—1|@;, O) as
1

T 9,2
207

CAD (ro —s (gétil) (aﬁt,l)))Q +1,

log p (E4-1 | &4, 0) = o1 — el
1

2’%% 1

19)

where the derivation of the second term can be written as

Ry = gét)(fct) V-1
b a5 . (20)
+ Tt~ 9 ) v -\/1—0@—1—0?7
\/I*Oét

where oy = 1 — (3; denotes the noise level at each timestep and
the standard deviation of the noise distribution is o. For generating
the final completion result, we use a step-by-step optimization
method aimed at selecting sequences of Zo.p that increase the
probability pj (£0.7|©O) mentioned in Eq. (17). This process starts
by choosing an initial 7 based on Eq. (13). Using Zp, the
subsequent sample ;1 is obtained by optimizing the objective
function outlined in Eq. (I9). These iterative steps are designed
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Fig. 4: Qualitative comparison on the CelebA-HQ. The facial images
generated by ConFill not only present more distinctive facial features
but also show a higher degree of similarity and coherence with the
original images compared to those produced by other baseline models.

to satisfy the completion criteria within the denoising diffusion
approach. Fig. [3] shows that the CAD-based approximation error
decreases as t reduces, indicating that the algorithm progressively
improves fidelity to the completion constraint with each step.
Specifically, when ¢ reaches 1, by assigning o1 = 0 and reducing
71 towards zero, we can minimise the approximation error to an
extent where gél) (1) approximates 2o with high accuracy. This
method ensures high quality generation while efficiently reducing
transport costs with each iteration.

While our algorithm reduces approximation error during the
final denoising phase, early inaccuracies still affect image quality
by influencing the prior distribution for later steps. To address this,
during the initial denoising phase, in which the significance of ap-
proximation errors is higher, we adopt a multi-step approximation
approach. This involves approximating Zy by traversing through
multiple deterministic denoising steps at selected time intervals.
As outlined in [15]], [17], [27]], we can integrate the time travel
method to bolster the self-consistency of intermediate samples.
This method involves returning previous denoising steps by adding
noise to the intermediate images. At the denoising time step 7' — {,
we consider a predefined range of time steps denoted as p. Indeed,
rather than proceeding to 7' — { — 1, we backtrack to time 7" — 1
and sample a new &7_, according to ¢(Zr—1|Z,_;), and repeat
the denoising steps from that point. This iterative process repeats
for J rounds, alternating between rewinding and denoising. The
sequence progresses through steps 7'—1 to 7' —{ and then T—{—1
to T —2f repeating iteratively until reaching time zero. The details
of our model’s procedure are illustrated in Algorithm 2]

4 EXPERIMENTS
4.1 Setup Details

Datasets and models: Our methodology is evaluated on three
widely recognised image datasets: CelebA-HQ [[70], Places2 [[71]],
and ImageNet-1K [72]. Given that diffusion models typically
require square-shaped images, we pre-process the datasets by
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Fig. 5: Qualitative comparison on the Places2. ConFill outperforms
the other models, providing accurate and seamless restoration. The
inpainted regions blend naturally with the surrounding landscape,
maintaining consistent texture and structure across the images.

cropping all images to a uniform size of 256 X 256 pixels to ensure
compatibility with pre-trained diffusion models. We use the pre-
trained diffusion model from and for the CelebA, Places2
and ImageNet. Hyperparameter selection is conducted using the
first five images from the validation set. Evaluation is performed
on the images from the test sets, similar to the methodology
outlined by . For the contextual feature extractor C'(-) we
use Sobel and Gabor filters for edge and texture extraction.
Additionally, a ResNet18 is used to extract high-level semantic
features. The network is pre-trained on ImageNet and fine-tuned
on the target dataset.

Masks: We use masks from [6] and [17]. These masks are
created by uniformly sampling from polygonal chains that have
been expanded by a randomly determined width, combined with
rectangles of diverse aspect ratios and orientations.

Metrics: The quality of the completion results is evaluated
through a combination of objective and subjective metrics. We use
the Fréchet Inception Distance (FID), Learned Perceptual Image
Patch Similarity (LPIPS), and Structural Similarity Index Measure
(SSIM). For each image, two completed images are produced, and
we report the mean scores. Our evaluation focuses on the degree
to which the completed images achieve a natural appearance free
of artefacts, closely mirror the original reference image in the
areas that were not masked, and maintain a cohesive visual flow
throughout the entire image. This set of criteria is designed to
assess the quality of the completion results, focusing on realism,
fidelity to the original scenes, and internal consistency.

Baselines comparisons and implementation details: Our anal-
ysis focuses on diffusion approaches, which have demonstrated
superior performance in comparison to non-diffusion model ap-
proaches [[17]. To this end, we evaluate against established base-
lines, including DDRM [55]], RePaint [17], CoPaint [27]], DPS
, I2SB , ControlN, and PowerPaint to highlight
our comparative study. We follow the original implementations for
selecting the NFE and hyper-parameters for each method.
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TABLE 1: Quantitative comparisons on three (CelebA, Places2, and ImageNet-1k) datasets with various mask types. Results are based on FID
(J), LPIPS ({) and SSIM (7). For each mask type and metric, bold indicates the best result and under the second best.

I ConFill (ours) | PowerPaint | 12SB | DPS | RePaint | CoPaint | ControlNet
Mask FID LPIPS SSIM FID LPIPS SSIM FID LPIPS  SSIM FID LPIPS SSIM FID LPIPS SSIM FID LPIPS  SSIM FID LPIPS SSIM
CelebA-HQ
Narrow 7.08  0.034 0.89% | 8.65 0.058 0.859 | 8.03 0.051 0864 | 872 0.063 0854 | 7.32 0.045  0.881 739 0.041 0887 | 877 0.049 0851
Widel 8.05 0.064 0862 | 9.18 0.097 0810 | 879  0.087 0835 | 926  0.085 0.821 854  0.077 0.857 | 848 0.070  0.851 8.93 0.091 0818
Wide2 813 0076 0.854 | 936  0.102 0.804 | 885 0.095  0.830 | 9.31 0.093 0824 | 8.61 0.073 0.854 | 870  0.082 0.842 | 928  0.097 0811
Half ver. | 1294 0.187 0.735 | 1697 0236 0.708 | 16.56 0214 0719 | 1646 0.198 0.721 | 1638 0.193 0.725 | 1649 0203 0.720 | 1654 0205  0.720
Half hor. | 12.67 0.184  0.742 | 1674 0229 0716 | 1648 0207 0.725 | 1637 0.192 0729 | 1634 0.187 0729 | 1634 0.180 0.735 | 1643 0210 0.727
Expand | 36.79 0440 0.483 | 5422 0.507 0447 | 53.51 0498 0443 | 4931 0435 0476 | 5083 0476 0463 | 4875 0472 0470 | 52.61 0480 0454
Avg 14.27  0.164 0.760 19.18 0.204 0.724 | 18.70  0.192 0.736 | 18.24  0.178 0.738 18.02  0.175 0.750 | 17.69  0.173 0.751 18.76  0.189 0.730
Places2
Narrow 8.91 0.063 0.847 10.54  0.106 0.805 10.56  0.094 0.817 10.45 0.108 0.803 9.35 0.072 0.834 9.26 0.067 0.841 10.57  0.108 0.801
Widel 10.27  0.110 0.829 | 1220 0.143 0.773 12.03 0.123 0.804 | 12.02 0.121 0.796 | 11.73 0.116 0.820 | 11.67 0.106 0.824 | 12.13  0.139 0.780
Wide2 10.39  0.120 0.812 | 1249 0.161 0.770 | 12.13 0.138 0.797 1223 0.142 0.789 | 12.05 0.128 0.806 11.86 0.124 0.802 | 1242 0.154 0.773
Half ver. | 14.02  0.270 0.663 19.22  0.290 0.647 19.67 0.291 0.644 | 20.18  0.306 0.635 1549  0.286 0.651 15.41 0.283 0.658 19.04  0.289 0.651
Half hor. | 13.76  0.258 0.676 19.34  0.282 0.641 19.86  0.284 0.651 20.09  0.294 0.643 1530  0.269 0.662 1539 0.264 0.660 | 19.15 0.278 0.647
Expand | 48.65 0.543 0417 | 57.74 0.602 0368 | 5859 0.609 0374 | 5783 0.581 0.388 | 6047 0.618 0.354 | 5747 0591 0378 | 5804 0611 0359
Avg 17.65 0227 0707 | 21.93 0263 0.667 | 2214 0257 0.681 | 21.13 0259 0.675 | 20.73 0248 0.688 | 20.17 0239 0.694 | 21.89 0.262  0.669
ImageNet
Narrow 11.15  0.071 0.812 12.81 0.124 0.762 1274 0.116 0.769 | 12.69  0.125 0.768 11.75 0.083 0.793 11.97  0.068 0.804 | 12.85 0.126 0.760
Widel 1324 0.121 0.785 | 14.28 0.141 0.756 14.16  0.137 0.760 | 14.21 0.135 0.754 | 13.98 0.125 0.781 13.93 0.132 0.772 | 14.25 0.138 0.758
Wide2 13.37  0.134 0.776 1442 0.157 0.739 14.35 0.151 0.749 | 1446  0.158 0.741 14.27 0.146 0.764 | 14.11 0.129 0.759 | 1440 0.154 0.741
Half ver. | 15.59  0.283 0.614 | 22.67 0.338 0.562 | 21.63 0.308 0.594 | 2247 0.322 0.578 17.43 0.292 0.604 | 17.38 0.298 0.598 | 22.80 0.342 0.553
Half hor. | 1524  0.271 0.622 | 22.53 0.324 0.582 | 21.84 0.302 0.603 | 2241 0.317 0.594 1736 0.289 0.607 17.29  0.284 0.607 | 22.61 0.330 0.570
Expand 50.35  0.574 0.349 | 63.21 0.674 0.271 | 60.86 0.627 0.307 | 59.97  0.605 0.328 | 62.85 0.659 0.298 | 59.43 0.618 0.314 | 63.15 0.670 0.277
Avg 19.83  0.237  0.660 | 2499 0293 0612 | 2426 0274 0.630 | 2436 0277 0.625 | 2294 0266 0.640 | 2235 0254 0.643 | 2502 0295 0.610
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Fig. 6: Qualitative comparison on the ImageNet-1k. ConFill outper-
forms other methods in terms of preserving structural and details.

Our model has been developed using PyTorch, and we use four
RTX 3080-TI GPUs for training and conducting all experiments.
In the case of RePaint, we applied the publicly available code,
following the configurations outlined in the original paper. We
adapted the implementation of all other methods from RePaint,
ensuring that the hyperparameters remained consistent with those
detailed in their papers. For ConFill, specifically, we set the
number of gradient descent steps, G = 2. We apply CAD
to balance the initial token distribution before generating the
final completed image. Additionally, we alternatively applied it
to the intermediate steps to refine token assignments. Here, Z;
is iteratively optimised to maximise the posterior probability at
timesteps. This process is equivalent to minimising the loss for ;.
We have observed that directly optimising &; using the gradient
often leads to NaN values. To mitigate this issue, following
we fine-tune the learning rate by introducing an additional term
to optimise the training process more effectively. Therefore, we
start with an initial learning rate of 0.01 and then adjust it using

Iteration Iteration

Fig. 7: Evaluation of FID (top row) and LPIPS (bottom row) scores
for ConFill and baseline models on the CelebA-HQ and Places2
datasets. ConFill consistently outperforms the other models in both
fidelity and perceptual similarity at all iteration levels.

an adaptive learning rate to fine-tune our learning process. We
initially set v = 0.1 and 7 = 0.02. Moreover, ConFill’s uses a
travel frequency of 7 = 1 and a time travel interval of { = 10.

4.2 Comparison to other Established Methods

This section presents a detailed comparison between ConFill and
recent diffusion-based image completion methods.

Qualitative Comparisons: In Figs. 3, 4, and 5, we show sample
images generated using datasets from CelebA-HQ, Places2, and
ImageNet-1k, respectively. Two key observations can be drawn
from these results. Firstly, ConFill generates more realistic content
with better coherence and semantic consistency compared to
baseline methods, particularly for larger masks like Expand and
Half. For example, in the fifth row of Fig.[5] where only half of a
desk is visible in the masked region, most baseline methods fail to
produce satisfactory completions. In contrast, ConFill successfully
reconstructs a desk that aligns with the input image in both
size and style. Additionally, while some approaches, like DPS
and CoPaint, do create relatively realistic images, our method
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Fig. 8: The results of the user study comparing our model, ConFill, with baseline models CoPaint, RePaint, and DPS across various mask
ratios on three different datasets: CelebA, Places2, and ImageNet. ConFill consistently outperforms the other models across all datasets, as
demonstrated by the higher human preference rates, especially at lower mask ratios. Notably, ConFill achieves a +21% increase on the Places2
dataset and a +29% increase on the ImageNet dataset compared to the best-performing baseline models.
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Fig. 9: A comparison of image inpainting results on the facial images with large unseen holes (left) and a corresponding evaluation of FID
scores with varying mask ratios (right). ConFill demonstrates superior performance in generating realistic and coherent facial features, with
smoother integration and fewer artifacts than DPS, RePaint and CoPaint. As the mask ratio increases, ConFill consistently achieves lower FID
scores, indicating its effectiveness in preserving image quality under increasingly challenging conditions.

consistently generates images with greater consistency. As an
example, in the last row of Fig.[5] the sunset view produced by our
method shows greater consistency with the input image, whereas
the versions produced by DPS and CoPaint are less detailed. Our
model demonstrates robust performance, enabling the generation
of high-quality outputs that remain coherent with the existing
image content. This efficacy is attributed to our model’s innova-
tive refining posterior distribution estimation mechanism during
denoising. This mechanism starts with the visible pixels and
methodically diffuses essential information throughout the image,
assuring flawless integration of the generated content with the
known regions of the image. This approach is particularly effective
for facial images that show strong inherent characteristics like
symmetry and structural features. For example, in the fourth line
of Fig. ] where the bottom half of the face is masked, our ConFill
successfully uses visible features to generate a realistic and consis-
tent result. This capacity is also demonstrated in natural scenes, for
instance, in the fourth example in Fig. [6] our method accurately
restores the structure of a flower, outperforming other methods.
Overall, these results indicate the effectiveness of our approach
across a variety of contexts. Our framework reconstructs fine-
grained textures and edges (local information) while maintaining
overall semantic and structural coherence (global information),
even in regions with large occlusions.

Quantitative Comparisons: Table [I] reports the quantitative re-
sults of ConFill, as well as various baseline methods, across
CelebA-HQ, Places2, and ImageNet-1k datasets using different
mask types. Here are the notable observations derived from our
analysis. Firstly, concerning the evaluation metrics, ConFill con-
sistently surpasses other baseline methods, demonstrating an aver-

age decrease in FID score by 2.1%, 2.62%, and 2.53% compared
to the top-performing baseline, CoPaint, across the CelebA-HQ,
Places2, and ImageNet-1k datasets, respectively. Furthermore,
the images generated by ConFill show improved coherence and
outperform in several other respects, including naturalness and
complying with the image completion constraint. Moreover, it
is important to observe that ConFill performance advantage is
particularly notable on the Places2 and ImageNet-1k datasets. This
is likely because these datasets contain more complex images,
making any imperfections, including incoherence, more obvious.
For example, on Places2 with an expand mask, ConFill has 3.4%
lower FID score compared to CoPaint. On the other hand, on
ImageNet-1k our model has an average LPIPS score of 0.242,
which is 4.8% and 8.6% higher than CoPaint and RePaint,
respectively. As demonstrated in Figs. [5] and [6] ControlNet and
PowerPaint struggle when synthesising images with large holes,
whereas ConFill produces realistic images with fewer artefacts
than other methods.

Fig. [ highlights the superior performance of ConFill com-
pared to the state-of-the-art models. ConFill converges faster than
baseline models due to CAD, which efficiently guides the diffu-
sion process to produce high-quality samples that align closely
with the target distribution in fewer iterations. Notably, after just
50k iterations, ConFill achieves a 62-point improvement in FID
on Places2, demonstrating its effectiveness in enhancing image
quality and perceptual similarity with greater efficiency.

4.3 Human Perceptual

We conducted a subjective analysis through a human evaluation
with different mask ratios. Participants are shown a reference
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Fig. 10: The image completion results of our ConFill and RePaint
across various iterations. Initially, both models generate artifact-laden
outputs. However, as iterations progress, ConFill consistently pro-
duces sharper and more accurate reconstructions compared to RePaint.
For example, our model produces a more realistic reconstruction of
the missing fruit segment, with improved color and texture, while
RePaint retains artifacts and shows less consistent color matching.

image with masked parts, alongside two completed versions: one
by ConFill and the other by a baseline method. They chose
the higher-quality image based on predefined criteria, focusing
on the coherence of the results. Feedback from 46 participants
was collected, evaluating 2,240 image pairs from CelebA-HQ,
Places2, and ImageNet datasets. The vote difference, calculated
as a percentage, indicates the preference for ConFill over baseline
models. In Fig. [8] ConFill was 21% more likely to be selected over
CoPaint on Places2 with a mask ratio of 0.8-1.0 and 29% more
likely over RePaint on ImageNet with a mask ratio of 0.4-0.6.

4.4 Adaptation to Unseen Mask Types

Based on the guidelines of the NTIRE 2022 Image Inpainting
Challenge [73]], we developed a test set comprising 5,000 sam-
ples, each with an average missing ratio of approximately 60%.
This set includes mask types such as Image Expansion and Nearest
Neighbour, which were not included during the training phase. As
illustrated in Table |ZL other state-of-the-art models, particularly
DPS, RePaint and CoPaint show performance declines. In con-
trast, our method shows excellent generalisation ability for these
previously unseen mask types. Our method achieved a superior
FID score of 19.63, representing a 17.8% improvement over the
second-best approach, CoPaint, which scored 23.87. This success
is due to our CAD-based denoising mechanism, which itera-
tively refines the model’s predictions, leading to more accurate
image completion. The percentage improvement is calculated by
(Base““e I’Bezfs‘gﬁ‘lz“”;new perf"rmance) x 100. Additionally, we evaluate
performance
time efficiency by calculating the average runtime required to
sample an image. The results indicate that ConFill achieves faster
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TABLE 2: Quantitative analysis and inpainting speed on previously
unseen mask types. ConFill achieves a 17.8% improvement in FID,
12.2% in LPIPS, and 4.0% in SSIM compared to the closest competi-
tor, CoPaint.

Method FID, LPIPS| SSIMT Runtimel
ConFill (ours) 19.63  0.173 0.752 109.24
CoPaint [27] 2387 0197 0723 117.96
PowerPaint 27.46  0.221 0.704 274.83
RePaint 2532 0213 0.708 210.58
ControlNet 27.83  0.235 0.697 223.26
DPS [23] 2876 0.238 0.685 453.05
12SB [61] 2925  0.241 0.680 178.67
DDRM [/55] 4351 0.306 0.629 162.41
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Fig. 11: Ablation analysis using a half-mask on the CelebA and
Places2 datasets. Shows the performance of ConFill with and without
dynamic sampling (DS) and compares it with the other models.
Results show ConFill with DS performs strongly even at lower NFEs.

sampling compared to other methods. The longer sampling times
in RePaint is due to its resampling mechanism that needed to
synchronize condition and generation, while CoPaint requires an
additional computation due to its extra backward pass and the need
for more optimization steps. ControlNet introduces conditional
control to diffusion, adding moderate computational overhead,
while PowePaint, relies on task prompts, making it more time-
intensive. In contrast, ConFill reduces inference time by using an
optimized reverse diffusion schedule and a lightweight denoising
architecture, which minimizes computational overhead without
compromising image quality.

Fig. ] (left) demonstrates that the baseline models struggle
to accurately reconstruct images with extremely large unseen
masks, leading to outputs with notable distortions. In contrast,
ConFill consistently produces reconstructions of superior quality.
Additionally, Fig. |§| (right) illustrates the relationship between FID
scores and the mask ratio. While RePaint and COPaint show FID
scores comparable to our model at the minimal mask ratio, ConFill
surpasses them by a greater margin as the mask size increases,
indicating its effectiveness for unseen, larger missing regions.

4.5

Fig. @ shows the incremental results across different iterations,
indicating that our method reaches promising performance with
fewer iterations, demonstrating a faster performance than RePaint.
This suggests that our model is not only faster but also more
efficient in terms of iteration count needed to reach a refined result,
demonstrating its potential for applications that require high-
quality image restoration with fewer computational resources.

Iterative Performance Analysis

4.6 Ablation Analysis

We investigate the contribution of CAD to our model by com-
paring the performance of our ConFill (which uses CAD), with
a variant that uses standard WD and L2. We also examine the
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Fig. 12: Image completion results of ConFill for the CelebA and Places2 datasets using various mask types (small to large size).

TABLE 3: Ablation Analysis. Performance evaluation of our model
using CAD, standard WD and Euclidean distance with varying gradi-
ent descent steps (G). In this evaluation, we use the test set of Places2
with wide mask. The best settings are highlighted.

Method G | FID] LPIPS| SSIM?
1 | 1048 0.129 0.808

ConFill w CAD (ours) 2 | 10.39 0.120 0.812

5 | 10.56 0.133 0.801

T 1235 0052 0.779
ConFill w WD 2 | 11.97 0.141 0.791
5 | 1243 0.154 0.769

S T 1228 0154 0.784
ConFill w L2 2 | 1232 0.150 0.784
5 | 12.61 0.166 0.759

TABLE 4: Impact of time travel interval () and frequency (7). The
time travel interval of 10 and a frequency of 1 provide the most
effective balance between image quality and structural similarity.

Method { | FID| LPIPS| SSIM?T
2 | 1048  0.126 0807
ConFill 5 | 1044  0.123  0.809
10 | 1039 0120 0812
15 | 1041 0119 0810
J | FID] LPIPS]  SSIMT
1 | 1039 0120 0812
ConFill 2 | 1040 0121 0810
5 | 1042 0122 0.809

effects of three hyperparameters: gradient descent steps (G), time
travel interval (f) and its frequency (7). Our experiments are
conducted on Places2 with wide mask and the results are detailed
in Table |3| and Table E Our model uses G-step gradient descent
approach to optimize &y at every timestep. However, as shown in
Table [3 increasing G does not improve performance or make
the generated images better match the real ones. Because the
optimization of &; focuses on minimising the mean square error in
the known regions (not masked), as detailed in the second term of
Eq. (T9). CAD inherently provides smoother and more meaningful
gradients during optimization. This makes each gradient descent
step more effective at reducing the gap between generated images
and real ones while also adapting to local contextual differences.
However, a higher number of gradient steps can lead to overfitting.
Moreover, the analysis shows that ConFill with WD provides
more stable and consistent performance across all gradient steps
compared to ConFill with L2. While L2 performs slightly better at

TABLE 5: Performance comparison on different dynamic sampling
configurations. Evaluation on CelebA with an expanded mask.

Implementation FIDJ LPIPS] SSIM1T
Combined sampling 14.27 (+5.2%) 0.164 (+6.9%) 0.760 (+6.3%)
Texture-driven sampling 15.86 0.178 0.753
Edge-driven sampling 16.21 0.182 0.748

TABLE 6: The impact of v, which controls the scaling of the distance
function based on the contextual information and 7 affects sensitivity
to contextual differences, is evaluated using the ImageNet test set with
a wide mask. The best settings are highlighted, with improvements
(%) shown between the most and least effective settings.

Method v FIDJ LPIPS] SSIMT
0.05 1343 0.130 0.764
ConFill ~ 0.0 | 13.24 (+1.4%)  0.121 (+6.9%)  0.785 (+2.7%)
0.15 13.26 0.122 0.783
T FID] LPIPS] SSIMT
0.01 1326 0.121 0.786
ConFill ~ 0.02 13.24 0.121 0.785
0.03 13.27 0.120 0.784

the initial step (G = 1), its performance degrades as GG increases,
whereas WD maintains higher stability.

In Table ] we evaluate the impact of the time travel interval
{ and frequency J on model performance. The results show
that { has minimal impact when t > 5. Additionally, unlike
RePaint, which uses a time travel frequency of J = 9, our
approach performs well with J = 1. This suggests that our
model more effectively enforces image completion constraints
compared to the simple replacement techniques used in RePaint.
To evaluate the role of different criteria for dynamic sampling,
we analyze different sampling configurations: I) Texture-driven
sampling (& = 1, # = 0) where sampling weights are only based
on local intensity variance. II) Edge-driven sampling (& = 0,
8 = 1) where sampling weights are only based on edge density to
focus on regions with prominent spatial structures. III) Combined
sampling (& = 0.5, 8 = 0.5) where sampling weights are
computed as a balanced combination of both measures. Table
[5] summarizes the results for each configuration. The combined
approach improves reconstruction quality, particularly in regions
with complex textures.

In Table |§| we evaluate the impact of the parameters v and
7. The results indicate that v has a significant effect on FID



TABLE 7: Performance comparison of contextual feature extractor
implementations. Evaluation on ImageNet with an expanded mask.

Implementation FIDJ LPIPS| SSIM1T
Combined features 50.35 (+5.2%) 0.574 (+6.9%) 0.349 (+6.3%)
Handcrafted features 55.34 0.657 0.308
Learned features 52.95 0.614 0.327

TABLE 8: Impact of different sample size on FID, LPIPS, and SSIM
metrics for different methods. Evaluation on Places2 with an expanded
mask.

Sample size Method FID| LPIPS| SSIMt
RePaint 58.72 0.614 0.357
500 images PowerPaint | 56.90 0.598 0.371
CoPaint 56.37 0.588 0.381
ConFill 47.12 0.540 0.419
" RePaint | 5821 0612 0.359
1000 images  PowerPaint | 56.34 0.599 0.373
CoPaint 56.05 0.585 0.383
ConFill 46.58 0.540 0.420

and LPIPS as it directly scales the distance metric. For instance,
adjusting v from 0.05 to 0.10 results in a 1.4% improvement in
FID (from 13.43 to 13.24) and a 6.9% improvement in LPIPS
(from 0.130 to 0.121). However, values beyond 0.1 do not result
in further notable changes. Meanwhile, 7 controls the sensitivity
of the scaling function to contextual differences. Fig.[TT|compares
the performance of different methods in terms of LPIPS across
varying numbers of function evaluations (NFE) on CelebA-HQ
and Places2. ConFill consistently achieves the lowest LPIPS val-
ues across all NFEs, demonstrating its effectiveness in minimizing
perceived differences regardless of the NFE. ConFill without
dynamic sampling (DS) maintains low LPIPS values but is slightly
less effective compared to ConFill with DS. RePaint starts with a
relatively high LPIPS value but shows significant improvement
as NFEs increase. Despite this improvement, RePaint still falls
below ConFill. To analyze the impact of C(-) in the image
completion process, we evaluate its performance under different
configurations. Handcrafted features only, learned features only,
and a combination of handcrafted and learned features. Table
reports the results, demonstrating that combining handcrafted and
learned features consistently outperforms the individual ones in
terms of perceptual quality and contextual coherence. The results
of our model using various mask types are shown in Fig.
ConFill connects different conditioned instances, ranging from
small to large completions and generates plausible and coherent
content for the missing areas.

In Table [8] we analyse the performance of different models
as the evaluation set size increases. Across all metrics, we ob-
serve consistent trends. FID decreases with larger evaluation sets,
reflecting improved alignment with the data distribution. LPIPS
and SSIM remain relatively stable, with minor improvements,
indicating the reliability and robustness of the metrics across
varying sample sizes. These trends demonstrate that the evaluation
protocol effectively captures the performance of the models, pro-
viding a comprehensive understanding of their behavior as sample
sizes increase.

4.7 Comparison to Non-diffusion Models

To evaluate the performance of ConFill against non-diffusion
models, we selected two state-of-the-art methods: LaMa [6] and
MAT [9], which are benchmarks in GAN and Transformer-based
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TABLE 9: Quantitative analysis with non-diffusion models on
Places2 with an expanded mask. Compared to MAT, ConFill shows a
3.4% improvement in FID, and 1.8% in SSIM.

Method FID] LPIPS] SSIM?T
ConFill (ours) | 48.65 (+3.4%) 0.543 0.417 (+1.8%)
LaMa [6] 55.46 0.558 0.398
MAT [9]] 50.31 0.540 0.410

architectures, respectively. By comparing ConFill with these mod-
els, we aim to show its strengths, particularly in visual quality
and coherence, as shown in TableE} Specifically, ConFill achieves
an FID score of 50.35, outperforming LaMa (56.46) and MAT
(52.31), demonstrating a stronger alignment with the original
image distribution. Furthermore, in terms of LPIPS, MAT with
a small margin performs better than ConFill which is due to its
specific training with large masks. However, ConFill achieves
a higher SSIM score of 0.417, outperforming the other models.
These results highlight ConFill’s robustness in generating visually
coherent and high-quality images, especially for large masked re-
gions where maintaining visual coherence is particularly challeng-
ing. This is achieved by integrating context-adaptive discrepancy,
which effectively balances the trade-offs between reconstruction
fidelity and perceptual quality.

5 CONCLUSION

In this paper, we proposed ConFill, a novel approach that adopts
the principled application of CAD within a diffusion model frame-
work to address the challenges of image completion tasks. ConFill
introduces a novel strategy for generative inverse problems by
effectively minimizing the CAD between the latent representations
of noisy and original data distributions. This refined approach
ensures smooth integration of reconstructed regions with their
surrounding context and dynamically adapts to local image fea-
tures. By iteratively refining the posterior distribution estimation
during the denoising process, ConFill substantially reduces errors
and imposes strict penalties on discrepancies with the reference
image. The integration of CAD enhances this process, allowing
the model to adjust its computations based on the contextual
differences between image segments, significantly improving the
fidelity and coherence of the completed images. Additionally,
ConFill incorporates a dynamic sampling strategy that adjusts
the sampling process based on contextual information, further
improving the efficiency and quality of image completion. Our
extensive evaluations on three datasets have demonstrated Con-
Fill’s superiority over current state-of-the-art methods.
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