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HINT: High-quality INpainting Transformer with
Mask-Aware Encoding and Enhanced Attention

Shuang Chen , Amir Atapour-Abarghouei , Hubert P. H. Shum †, Senior Member, IEEE

Abstract—Existing image inpainting methods leverage
convolution-based downsampling approaches to reduce spatial
dimensions. This may result in information loss from corrupted
images where the available information is inherently sparse,
especially for the scenario of large missing regions. Recent
advances in self-attention mechanisms within transformers have
led to significant improvements in many computer vision tasks
including inpainting. However, limited by the computational
costs, existing methods cannot fully exploit the efficacy of
long-range modelling capabilities of such models. In this paper,
we propose an end-to-end High-quality INpainting Transformer,
abbreviated as HINT, which consists of a novel mask-aware
pixel-shuffle downsampling module (MPD) to preserve the
visible information extracted from the corrupted image while
maintaining the integrity of the information available for high-
level inferences made within the model. Moreover, we propose a
Spatially-activated Channel Attention Layer (SCAL), an efficient
self-attention mechanism interpreting spatial awareness to model
the corrupted image at multiple scales. To further enhance the
effectiveness of SCAL, motivated by recent advanced in speech
recognition, we introduce a sandwich structure that places
feed-forward networks before and after the SCAL module. We
demonstrate the superior performance of HINT compared to
contemporary state-of-the-art models on four datasets, CelebA,
CelebA-HQ, Places2, and Dunhuang.

Index Terms—Image Inpainting, Transformer, Representation
Learning

I. INTRODUCTION

IMAGE inpainting is a computer vision task that aims
to reconstruct an image based on the visible pixels of

a damaged or corrupted image with missing regions. Its
applications span across image processing and computer vision
tasks such as photo editing [1], objective removal [2] and depth
completion [3].

Image inpainting has been greatly benefited by modern
learning-based techniques [4]–[12], even though it has existed
long before the widespread use of deep learning [13]–[15].
Many existing image inpainting methods [16], [17] with Con-
volutional Neural Networks (CNN) commonly use an encoder-
decoder architecture, which down-sample the corrupted image
to a hidden latent space, and then up-sample it to produce a
restored image with comparable semantics and structure to the
original [4], [5]. These CNN-based methods typically use local
convolutional filters, which possess a limited receptive field
and solely capture information within a restricted local region.
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Fig. 1. Comparisons with the state of the art [22]–[24] on different
datasets [26]–[28] with large masks (shown in white areas). Red boxes
highlight major differences. The bottom two examples are from unseen real-
world high-resolution images.

These methods suffer from the limitation to capture long-
range spatial relations between distant image regions, thus
compromising their effectiveness in image inpainting [4], [6],
[18]. To address this challenge, [19], [20] incorporate spatial
self-attention into the network, which involves calculating a
self-attention map in the deep latent space to capture long-
range dependencies between feature elements. Recent work
attempted to introduce transformer architectures to image in-
painting [20]–[22], which enable global long-range modeling
of images that have been down-sampled or partitioned into
patches, resulting in improved performance.

A significant challenge hindering image inpainting is effec-
tively modeling the valid information within visible regions,
which is crucial for reconstructing semantically coherent
and texture-consistent details in the missing regions. This is
particularly noticeable in large masked regions, where the
valid information is limited. Existing methods that utilise
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convolutional layers for downsampling come with the inherent
drawback of information loss [29], attributed to the reduction
of feature size from filters and downsampling. Given its capa-
bility to preserve input information, pixel-shuffle down-sample
is widely used in image denoising [30], image deraining [31]
and image super-resolution [32]. It periodically rearranges the
elements of the input into an output scaled by the sample
stride. However, its effectiveness depends on the assumption
that the sample stride is small enough to avoid disrupting
the noise distribution [33]. This holds only for a relatively
independent distribution of raindrops and noise, and is not
suitable for image inpainting with irregular and variable-
size masks. Simply using conventional Pixel-shuffle Down-
sampling (PD) [30]–[32] for corrupted image would lead to
the problem of pixel drifting, which is shown in Fig. 3 (upper
branch). The pixel drifting happens in X̂ . After the feature
X ′ is downsampled, the position of the masked regions (white
elements) becomes inconsistent across channels, causing the
visible area to be misaligned in the channel, disrupting sub-
sequent feature extraction processes within the model, thus
affecting the accurate modelling of the valid information from
the visible regions of the input image.

Another challenge in applying spatial self-attention in
CNN-based models is its significant computational expense.
Considering this, spatial self-attention is typically only em-
ployed on low-resolution representations [19], [20]. While
transformer-based methods [21], [22] employ multiple spa-
tial self-attention blocks to model long-range dependencies.
However, the quadratic computational complexity limits their
wider applicability. To address this, the prevalent compromise
involves down-sampling [22] or reducing the resolution [21] of
the input image prior to being passed through the transformer.
However, this strategy leads to information loss from the input
images through the model, which is detrimental to image
inpainting where visible information is already limited. This
loss subsequently results in the degradation of fine-grained
features. As long-range dependencies are modelled over these
degraded features, the reconstructed output suffer from blur-
ring artefacts and vague structures. [20], [21] introduce extra
refinement networks to improve image quality after getting
coarse completed images, rather than recovering high-quality
results directly. The method in [34] replaces spatial self-
attention with channel self-attention to reduce computational
complexity. Although channel self-attention gains linear com-
putational complexity, it completely loses spatial awareness.
This makes it possible to highlight “what” the salient features
are but cannot discern “where” the spatially important regions
are, which is essential as visible regions often exhibit complex
and irregular shapes, especially with large irregular masks.
Some existing works [35]–[37] attempt to address the spatial
awareness loss by incorporating spatial self-attention back to
the channel self-attention, but at a cost of significant increases
in computation.

To address these common challenges currently restricting
progress in the existing literature, we present a novel High-
quality INpainting Transformer (HINT) for image inpainting,
which enables efficient multiscale modeling of the global
context while minimising the loss of valid information. Specif-

ically, we propose a tailor-made pixel-shuffle down-sampling
(MPD) module for image inpainting to reduce information
loss and maintain the consistency of data. To enhance the
representation learning capabilities of our model, we develop a
Spatially-activated Channel Attention Layer (SCAL) to blend
information in both the channel and spatial dimensions. Unlike
these existing methods [35]–[37], the innovation of SCAL lies
in its minimalistic and efficient design, only utilising convolu-
tional layers to retrain spatial awareness, thereby mitigating
the significant computational cost, which is a major issue
in the field. This enhanced self-attention module plays the
predominant role in HINT and build HINT as a transformer-
based model. To further improve the effectiveness of SCAL
with limited parameters, we propose a module known as the
“Sandwich”, sandwiching the proposed SCAL between two
feed-forward networks (FFNs) for each transformer block.
This structure results in better performance compared to alter-
native designs with the same number of network parameters.

Comparative experiments show that HINT outperforms
state-of-the-art image inpainting approaches (Fig. 5) across
four datasets, i.e., CelebA [38], CelebA-HQ [26], Places2 [27]
and Dunhuang challenge [28]. We also perform ablation
experiments to demonstrate the contribution of proposed com-
ponents in HINT.

Our source code is openly released at https://github.com/
ChrisChen1023/HINT.

Our major contributions are as follows:
• We propose HINT, an end-to-end transformer-based archi-

tecture for image inpainting that takes advantage of multi-
scale feature- and spatial-level representations as well as
pixel-level visual information.

• We propose a plug-and-play mask-aware pixel-shuffle
down-sampling (MPD) module to preserve useful infor-
mation while keeping irregular masks consistent during
downsampling (Section III-B).

• We propose a Spatially-activated Channel Attention Layer
(SCAL) using self-attention and convolutional attention to
sequentially refine features at the channel and spatial di-
mensions. We further design an improved sandwich-shaped
transformer block to boost the efficacy of the proposed
SCAL (Section III-C).

II. RELATED WORK

We consider prior work within two distinct areas: image in-
painting (Section II-A), and visual transformers (Section II-B),
which have gained prominence as effective techniques for
addressing the image inpainting task.

A. Image Inpainting

Image inpainting predates learning-based techniques and the
literature on image completion based on conventional strate-
gies is extensive. Diffusion-based approaches complete minor
and narrow stretches using neighbouring visible pixels [13].
Exemplar-based methods infer missing regions with plausible
edge information based on other patches from background
or external data [14], [15]. However, despite their ability to
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plausibly reconstruct images with small and constrained miss-
ing regions, these methods are not fully capable of generating
innovative features if they do not already exist in the known
regions of images.

Compared with traditional methods, learning-based methods
have achieved great success in inpainting, especially when it
comes to generating new contextually sound content for large
missing regions. [4] proposed a parametric framework for im-
age inpainting based on an encoder-decoder architecture taking
advantage of a Generative Adversarial Network (GAN) [39].
Subsequently, numerous GAN-based methods emerged to offer
improved inpainting quality [6]–[8], [10], [18], [40]–[42] using
better training strategies.

[5] use two discriminators to calculate both global and local
adversarial losses. [43] propose region-wise normalisation for
missing and visible areas. Partial [6] and gated convolutions
[7], [8] are introduced to handle the irregular masks by
improving the convolution operation [40], [41] to efficiently
extract valid information for inpainting. [9] propose contextual
attention to facilitate the matching of feature patches across
distant spatial locations. Building on this, [10], [11] ex-
tended [9] by incorporating a multi-scale patch size to further
improve its efficiency. [44] introduces fourier convolution-
based encoder for image inpainting to avoid generating invalid
feature inside the missing regions. These strategies all aim
to explore how to effectively extract valid information from
known regions for hole-filling, but they still suffer from the
information loss caused by convolutional downsampling.

B. Visual Transformers
The notable success of Transformers [45] in natural lan-

guage processing has recently prompted research into their
applicability in computer vision [46], [47]. Driven by this,
efforts were focused towards applying transformers to image
inpainting [20]–[22], [48]–[50]. However, spatial-based self-
attention incurs an expensive computational cost. To reduce
computation, [21], [48] down-sample the input image into a
lower resolution. [20], [22], [50] calculate the spatial self-
attention after encoding the input image into low-resolution
features. Nonetheless, these approaches fail to change the
quadratic complexity of spatial self-attention, which restricts
its applicability to high-frequency features.

Swin Transformer [46] reduces the computational complex-
ity to linearity. However, the shifted-window design splits the
local neighbourhood context of the visible and missing area,
and thus is not ideally suited for inpainting. [34] propose
utilising channel-wise self-attention in multi-scale represen-
tation with linear complexity for image reconstruction. Its
variant [51] demonstrates the applicability in image inpainting.
Nevertheless, both of these models omit spatial attention that is
vital in delivering high-quality and contextually sound results.
In contrast, our model integrates multiscale channel and spatial
attention in an efficient manner, thus resolving the issue that
prior work has struggled with [20]–[22].

III. HINT: HIGH-QUALITY INPAINTING TRANSFORMER

Formally, the problem is formulated as follows: the input
image, Iinput, is obtained by concatenating masked image,

IM = I ⊙M , and the mask, M . The input image, Iinput, is
then processed by our proposed HINT model and a semanti-
cally accurate output image, IC , will be generated. The whole
formulation is denoted as: IC = HINT (Iinput).

We present our transformer-based HINT approach to image
inpainting, which takes advantage of our novel Mask-aware
Pixel-shuffle Down-sampling (MPD) to solve the information
loss issue during downsampling and further enhance the use of
valid information from known areas. Within the architecture,
we propose a Spatially-activated Channel Attention Layer
(SCAL), which aims to handle spatial awareness while main-
taining efficiency within the transformer block. The SCAL
is encapsulated between two feed-forward networks, forming
a sandwich-shaped transformer block, henceforth referred to
as “Sandwich”. This design enables the effective extraction
of long-range dependencies while preserving the smooth and
coherent flow of valid information through the model.

A. The Overall Pipeline

Overall, as seen in Fig. 2, HINT consists of an end-to-end
network with a gated embedding layer to selectively extract
features, followed by a transformer body for modelling long-
range correlations, and a projection layer to generate the
output. Specifically, we insert a gating mechanism [7] into
the embedding layer serving as a feature extractor, achieved by
using two parallel paths of vanilla convolutions with one path
activated by a GELU non-linearity [52] to dynamically embed
the finer-grained features, leading to stronger representation
learning and better optimisation [53]. The transformer body
is an encoder-decoder architecture comprising multiple trans-
former blocks. The encoder consists of the first three blocks,
each followed by an MPD layer to mitigate incoherence in
invalid locations, while the final three blocks with conventional
pixel shuffle upsampling form the decoder. Mirrored blocks
are connected via skip connections to preserve shared features
learned within the encoder. At the end, a convolutional layer
is used to project the decoded features to the final output.

B. Mask-aware Pixel-shuffle Down-sampling

Conventional Pixel-shuffling Down-sampling (PD) is the
inverse operation of Pixel-shuffle [54]. It periodically rear-
ranges the input Tin ∈ RH×W×C into Tout ∈ RH

s ×W
s ×s2C

for downsampling with s being the scale factor to denote
the sample stride. PD can effectively preserve the input in-
formation, which is desirable for inpainting, particularly for
reconstructing high-quality images. However, as PD uses non-
overlapping sampling with stride s to generate mosaics from
the image [54], the consistency of missing pixel locations can
be disrupted during the down-sampling, as shown in Fig. 3,
making it unsuitable for image inpainting.

We propose a Mask-aware Pixel-shuffle Down-sampling
(MPD) module, which is a novel down-sampling approach
specifically tailored for image inpainting. It resolves the is-
sue of positional drift of masked pixels that occurs during
the process of conventional PD. Furthermore, in contrast
to convolution-downsampling, MPD preserves all valid in-
formation, thereby minimising information loss. Apart from
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Fig. 2. The overview of the proposed framework, which is built with a gated embedding block, with multiple stacked “sandwiches” in different levels. The
“sandwich” is described in Sec. III-C2, the MPD is described in Sec. III-B

inpainting, this module can be plugged into any other problem
that involves masking, such as any that might use image
segmentation labels masks as their input.

Given the features X ∈ RH×W×C and mask M ∈
RH×W×1, we first project X into X ′ with half the channels
but the same size [54], utilising a 3× 3 convolution operator
h(·), and perform PD on both X ′ and M :

M̂ = PD(M), X̂ = PD(h(X)). (1)

As shown in Fig. 3, the positions of the missing pixels in X̂
drift and are discontinuous across channels while each channel
of M̂ sequentially indicates the positions of valid and invalid
pixels in X̂ . To enforce M̂ to act on the corresponding channel
accurately, we intersperse and concatenate the sliced X̂ and
M̂ across the channel, obtaining X̂c ∈ RH

2 ×W
2 ×2C .

M̂0, M̂1, M̂2, M̂3 = Slice(M̂),

X̂0, X̂1, X̂2, . . . , X̂2C−1 = Slice(X̂),
(2)

X̂c =(X̂0||M̂0)|| . . . ||(X̂i||M̂ (i+4)%4)|| . . .
||(X̂2C−1||M̂3),

(3)

where Slice(·) is a channel-wise slice, || is channel-wise
concatenation, and % denotes the modulo operator. Thus, each
feature has a paired mask as an indicator. In the end, we exploit
a separable convolutional layer [55], denoted as ϕ(·), to encode
pairs of features and masks, aiming to learn the correct local
priors from the features indicated by the shuffled mask, and
forcing the encoder to accurately model the valid information
within the visible regions. The output is formulated as:

Xout = ϕ(X̂c). (4)

C. The Transformer Body

Each of the seven transformer blocks stacks multiple sand-
wiches encapsulating the proposed SCAL for local-global
representation learning, working with MPD to down-sample
the features and control data flow consistency (Fig. 2).

1) Spatially-activated Channel Attention Layer: We pro-
pose a Spatially-activated Channel Attention Layer (SCAL)
to strengthen the model to capture inter-channel dependencies
while preserving spatial awareness. Channel self-attention [56]
is computationally viable for high-resolution features due to
its linear time and memory complexity growth with channel
depth. However, it fails to account for “where” the important

information is across the entire spatial position, thus ignor-
ing the relationship between feature patches. This is very
important for image inpainting as the global context in the
valid regions within each image can be distinct and irregularly
shaped, as defined by the irregular mask M .

To alleviate this issue, we improve the concept of transposed
attention [34] by introducing a convolution-attention branch
to capture the attention matrix of spatial locations. This
enables HINT to effectively model long-range dependencies
in the channel dimension, while attending to spatial locations
where features should be emphasised. Unlike alternative ap-
proaches [20]–[22], [46], [47], SCAL does not increase the
computational cost quadratically with input resolution, making
it feasible for multi-scale context modelling.

As shown in Fig. 4, SCAL contains two branches. Given
input feature X , the channel self-attention branch is:

Xc = LN(X),

X̂c =
(
WV

d3W
V
1 Xc

)
·Attc(Xc),

Attc(Xc) = φ

(
WQ

d3W
Q
1 Xc ·

(
WK

d3W
K
1 Xc

)T
γ

)
,

(5)

where LN denotes layer normalisation, γ is a learnable param-
eter to scale the dot product of key and query, W1 is the linear
projection and Wd3 is the 3×3 depth-wise convolution, Attc(·)
represents the function to calculate the channel attention map,
and φ is a softmax layer. In the spatial branch, we first down-
sample the input features X but not fully squeeze, via average
pooling to preserve global spatial information. Subsequently,
two 3× 3 convolutions serve as attention descriptors followed
by an upsampling process, generating a soft global attention
matrix, α = Atts(X), which is used to reweight the output
obtained through channel attention:

Atts(X) = Up(f(g(AP(X)))), (6)

where AP is an average pooling layer, Up is upsampling. f(·)
and g(·) are two similar convolution blocks, one of which
contains a 3 × 3 convolutional layer, a normalisation layer,
and a ReLU layer [57]. Atts(·) represents the function to
calculate the spatial attention map. As depicted in Fig. 4,
the attention matrix α modulates the output of the channel
branch X̂c through point-wise multiplication. Subsequently,
the mapping function θ(·) is a projection layer performed via
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Fig. 3. The comparison of Pixel-shuffle Down-sampling (PD, upper) and
the proposed Mask-aware Pixel-shuffle Down-sampling (MPD, lower). Ours
proposed MPD, with one 3 × 3 convolution, a conventional PD, interlacing
(concatenation of feature and mask slices), and a masked-separable convolu-
tion. Invalid pixel drifting happens in X̂ . After the feature X′ is downsampled,
the masked position becomes inconsistent across channels.

of a 1 × 1 convolution. The complete representation of the
SCAL is:

SCAL(X) = θ(X̂c ⊙Atts(X)). (7)

2) Sandwich-shaped Transformer Block: Image inpainting
presents a significant challenge: the network must effectively
learn from limited context to reconstruct complete images.
This task is particularly daunting when faced with irregularly
shaped masks, which complicate feature extraction, especially
in areas with extensive missing information. This process
of masking in image inpainting bears a notable resemblance
to the masking of audio spectrograms in speech recognition
for data augmentation purposes, as seen in techniques like
SpecAugment [58], [59]. The Conformer [60], with its inno-
vative “FFN-Attention-Conv-FFN” architecture, demonstrates
remarkable efficiency in speech recognition by using aug-
mented, masked spectrograms as inputs. We hypothesise that
such structures are equally effective for image inpainting, since
their inputs are also incomplete and insufficient, highlighting a
common challenge in both fields that may benefit from similar
architectural solutions.

Therefore, to boost the effectiveness of our attention layer,
we propose a sandwich-shaped transformer block with an
FFN-Attention-FFN structure. This first FFN serves as a filter,
extracting more essential features for the following attention
layer to capture long-distance dependencies (see Section IV-D
for validations). Unlike [60], we remove the convolutional
layer in the middle, and enhance the two FFNs with depth-wise
convolutions with a gate mechanism [34]. This is because FFN
integrating depth-wise convolution captures local information
from every channel, which helps the model learn a more
comprehensive and informative feature representation with
fewer parameters [55]. Also, the gating strategy selectively
filters and modulates the information flow according to the
importance of each feature to the final high-quality output,
thereby reducing irrelevant information and highlighting the
most salient input features for representation learning. Given
an input X ∈ RH×W×C , our sandwich is formulated as:

Xout = FFN(SCAL(FFN(X))). (8)

Fig. 4. “Sandwich” (right) and “Spatially-activated Channel Attention Layer”
(left). “

⊕
”,“

⊗
”, and “

⊙
” denote the element-wise sum, matrix multiplica-

tion, and element-wise multiplication, respectively.

D. Loss Functions

To obtain high-quality inpainting results, we follow the
established literature [18], [24] to develop multiple loss
components, including an L1 loss to enforce a contextually
sound reconstruction, style loss Lstyle to measure the differ-
ence in style, perceptual loss Lperc to compare the high-level
perceptual features extracted from a pre-trained network, and
an adversarial loss Ladv to improve overall output quality. The
final loss function is thus denoted as:

Ltotal(Î, Igt) =λ1L1 + λ2Lstyle + λ3Lperc

+ λ4Ladv,
(9)

where the weighting coefficients λ1 = 1, λ2 = 250, λ3 = 0.1,
λ4 = 0.001 were chosen based on the parameter analysis (see
Section IV-D).

IV. EXPERIMENTS

In this section, we present a comprehensive evaluation of
the proposed HINT. First, we describe the datasets employed
and delve into the specifics of the implementation. Then, we
compare HINT with state-of-the-art methods to showcase its
superior performance, with both quantitative and qualitative
results. Finally, we conduct thorough ablation studies to eval-
uate the significance of each proposed component.

A. Datasets

To assess the efficacy of our proposed method, we em-
ploy CelebA [38], CelebA-HQ [26], Places2-Standard [27]
and Dunhuang Challenge [28] datasets. All experiments are
conducted with 256×256 images, providing a comprehensive
evaluation of our approach in a consistent and well-defined
setting. The CelebA [38] and CelebA-HQ [26] are two hu-
man face datasets with different qualities, while the Places2-
Standard dataset is a subset of the Places2 [27] dataset offering
a diverse collection of scenes, such as indoor and outdoor
environments, natural landscapes, and man-made structures
and constructions. These three datasets are commonly used
within the existing literature on inpainting [20]–[22], making
them ideal for evaluating our approach. The Dunhuang Chal-
lenge [28] dataset represents a practical application of image
inpainting in real-world scenarios.
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Input DeepFill v1 [9]DeepFill v2 [7] CTSDG [10] LAMA [21] MISF [24] WNet [16] LDM [61] HINT (Ours) GT

Input DeepFill v1 [9]DeepFill v2 [7] WaveFill [62] LAMA [21] WNet [16] MAT [22] RePaint [63] HINT (Ours) GT

Fig. 5. Comparisons with visualisations (256× 256) showing that our results are more coherent in structure and sharper in texture and semantic details. The
top two rows are from CelebA-HQ [26] and the bottom two rows are from Places2 [27].

For CelebA and Dunhuang, we follow the standard con-
figuration to split the data for training and testing. In the
case of the CelebA-HQ dataset, to ensure reproducibility, we
use the first 28,000 images for training and the remaining
2,000 images for testing. For the Places2-Standard dataset,
we use the standard training set and validation set for training
and testing, respectively. For mask settings, we follow prior
work [10], [24] and use irregular masks [6] for CelebA,
CelebA-HQ, and Places2. As for Dunhuang Challenge, we
use the officially released masks for testing.

B. Implementation Details

In the 7-level transformer blocks, the number of Sandwich
blocks is sequentially set to [4,6,6,8,6,6,4] and the attention
head in SCAL are [1,2,4,8,4,2,1]. All experiments are carried
out on a single NVidia A100 GPU with a batch size of 4.
We adopt the Adam optimiser [65] with β1 = 0.9, β2 =
0.999. The learning rate is initially set to 1e−4 and is halved
at the 75% milestone of the training progress. Compared to
the state of the art in the existing literature [10], [21], [66], our

approach is more robust against small changes in the training
procedure, making it more generalisable and easier to deploy.
Our training pipeline does not rely on warm-up step [21], pre-
training requirements [66] or fine-tuning [10].

C. Comparison with the State of the Art

In assessing our HINT, designed to generate high-quality,
fine-grained images, we follow [24] to employ a suite of
evaluation metrics: Peak Signal-to-Noise Ratio (PSNR), Struc-
tural Similarity (SSIM), L1 and Perceptual Similarity (LPIPS).
These chosen metrics align with our intent to create a nu-
anced and comprehensive understanding of the performance
of models. PSNR and L1 are used to measure pixel-wise
reconstruction accuracy, which reflects the fidelity of the
inpainted output. SSIM [67] evaluates structural similarity,
ensuring the inpainted segments remain coherent within the
image contextually. We also include LPIPS [68], a learned
perceptual metric, capable of detecting complex distortions
that mirror human perceptual differences, a crucial attribute
when the aim is to produce high-quality imagery.
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TABLE I
COMPARISON RESULTS ON (A, TOP) CELEBA-HQ, (B, MIDDLE) CELEBA AND (C, BOTTOM) PLACES2. THE BOLD AND UNDERLINE INDICATE THE BEST

AND THE SECOND BEST RESPECTIVELY.

CelebA-HQ 0.01%-20% 20%-40% 40%-60%
Method PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

DeepFill v1 [9] 34.2507 0.9047 1.7433 2.2141 0.1184 26.8796 0.8271 2.3117 9.4047 0.1329 21.4721 0.7492 4.6285 15.4731 0.2521
DeepFill v2 [7] 34.4735 0.9533 0.5211 1.4374 0.0429 27.3298 0.8657 1.7687 5.5498 0.1064 22.6937 0.7962 3.2721 8.8673 0.1739

LaMa [23] 35.5656 0.9685 0.4029 1.4309 0.0319 28.0348 0.8983 1.3722 4.4295 0.0903 23.9419 0.8003 2.8646 8.4538 0.1620
WNet [16] 35.3591 0.9647 0.4957 1.2759 0.0287 28.1736 0.8872 1.4495 4.7299 0.0833 23.8357 0.7872 2.9316 9.4926 0.1649
MAT [22] 35.5466 0.9689 0.3961 1.2428 0.0268 27.6684 0.8957 1.3852 3.4677 0.0832 23.3371 0.7964 2.9816 5.7284 0.1575

WaveFill [62] 31.4695 0.9290 1.3228 6.0638 0.0802 27.1073 0.8668 2.1159 8.3804 0.1231 23.3569 0.7817 3.5617 13.0849 0.1917

Ours 36.5725 0.9777 0.3942 1.1128 0.0228 28.6247 0.9195 1.2885 3.3915 0.0745 24.1287 0.8241 2.7778 5.6179 0.1449

Places2 0.01%-20% 20%-40% 40%-60%
Method PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

DeepFill v1 [9] 30.2958 0.9532 0.6953 26.3275 0.0497 24.2983 0.8426 2.4927 31.4296 0.1472 19.3751 0.6473 5.2092 46.4936 0.3145
DeepFill v2 [7] 31.4725 0.9558 0.6632 23.6854 0.0446 24.7247 0.8572 2.2453 27.3259 0.1362 19.7563 0.6742 4.9284 36.5458 0.2891

CTSDG [10] 32.111 0.9565 0.6216 24.9852 0.0458 24.6502 0.8536 2.1210 29.2158 0.1429 20.2962 0.7012 4.6870 37.4251 0.2712
WNet [16] 32.3276 0.9372 0.5913 20.4925 0.0387 25.2198 0.8617 2.0765 24.7436 0.1136 20.4375 0.6727 4.6371 32.6729 0.2416
MISF [24] 32.9873 0.9615 0.5931 21.7526 0.0357 25.3843 0.8681 1.9460 30.5499 0.1183 20.7260 0.7187 4.4383 44.4778 0.2278
LaMa [23] 32.4660 0.9584 0.5969 14.7288 0.0354 25.0921 0.8635 2.0048 22.9381 0.1079 20.6796 0.7245 4.4060 25.9436 0.2124

WaveFill [62] 29.8598 0.9468 0.9008 30.4259 0.0519 23.9875 0.8395 2.5329 39.8519 0.1365 18.4017 0.6130 7.1015 56.7527 0.3395

Ours 33.0276 0.9689 0.5612 13.9128 0.0307 25.4216 0.8807 1.9270 20.0241 0.1003 20.9243 0.7470 4.3296 25.7150 0.2041

CelebA 0.01%-20% 20%-40% 40%-60%
Method PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

CTSDG [10] 36.465 0.9732 0.5871 2.5876 0.0334 29.1393 0.9159 1.38 7.4925 0.0935 23.8371 0.8157 3.04 9.8473 0.1815
MISF [24] 36.8981 0.9747 0.3441 3.3598 0.0333 28.9270 0.9103 1.227 8.0249 0.1031 23.5355 0.8033 3.182 13.2475 0.2012

Ours 37.5696 0.9754 0.3402 1.0270 0.0232 29.8525 0.9208 1.220 4.1359 0.0689 24.4538 0.8270 2.7802 5.3612 0.1408
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Fig. 6. Comparisons with SOTAs [10], [24], [25] on CelebA [38] (masks
shown in grey) and Dunhuang [28] (masks shown in black). Red boxes
highlight differences.

We categorise the masks into three groups based on the
mask ratio, i.e., small (0.01%-20%), medium (20%-40%) and
large (40%-60%), referring to the extent of missing regions.

Quantitative Results As shown in Tab. I and Tab. II, HINT
achieves a better overall performance across all datasets and
mask ratios than the state of the arts [10], [21], [22], [24], [25],
[62]. Compare to the latest transformer-based MAT [22] on

TABLE II
COMPARISONS ON THE DUNHUANG CHALLENGE DATASET.

Model PSNR↑ SSIM↑ L1↓ LPIPS↓

StructFlow [64] 35.199 0.9559 0.475 0.0589
EdgeConnect [18] 36.419 0.9635 0.441 0.0480

RFRNet [40] 36.485 0.9648 0.401 0.0463
JPGNet [25] 37.646 0.9724 0.353 0.0469
MISF [24] 38.383 0.9735 0.341 0.0330

Ours 38.6705 0.9743 0.3161 0.0286

TABLE III
NUMBER OF PARAMETER AND INFERENCE TIME

Model Param ×106 Infer. Time/per img

DeepFill v1 [9] 3 7 ms
DeepFill v2 [7] 4 10 ms

Wavefill [62] 49 70 ms
CTSDG [10] 52 20 ms
WNet [16] 46 35 ms
MISF [24] 26 10 ms
MAT [22] 62 70 ms

LAMA [23] 51 25 ms
Stable Diffusion 860 880 ms

LDM [61] 387 6000 ms
Repaint [63] 552 250000 ms

Ours 139 125 ms

CelebA-HQ, HINT improves PSNR by 5.7%, 3.3% and 3.4%
at the increasing mask ratios respectively, demonstrating that
it preserves more high-fidelity details in reconstructed images.
In Places2, compared with the latest high-quality inpainting
method MISF [24], HINT achieves a 12.6%, 13.8% and 7.2%
decrease for LPIPS, showcasing its effectiveness in perceptual
recovery. Since the Dunhuang Challenge provides standard
masks, we crawled the benchmark from [24] for comparison.
HINT outperforms existing models across all metrics.

For a comprehensive and robust evaluation, we also com-
pare our model with the state-of-the-art diffusion model-
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TABLE IV
COMPARISON WITH DIFFUSION MODELS.

Plces2 PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

LDM [61] 19.6476 0.7052 4.6895 27.3619 0.2675
Stable Diffusion∗ 19.4812 0.7185 4.5729 27.8830 0.2416

Ours 20.8579 0.7227 4.3814 26.7895 0.2102

CelebA-HQ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

RePaint [63] 21.8321 0.7791 3.9427 8.9637 0.1943
Ours 24.1287 0.8241 2.778 5.6179 0.1449

∗: The officially released Stable Diffusion inpainting model
pretrained on high-quality LAION-Aesthetics V2 5+ dataset.

based methods with large masks, which are well-known for
their prowess in generating high-quality images [69]. Three
prominent diffusion models, LDM [61], Stable Diffusion (SD)
and RePaint [63], are chosen for comparison. To allow for a
fair comparison, all experiments are conducted on officially
released pretrained models on the corresponding datasets. It is
important to note that SD does not provide models pretrained
on either CelebA-HQ or Places2, so, we chose the LAION v2
5+ pre-trained model, as its data distribution is similar to that
of the Places2 dataset, but it is much larger and of higher qual-
ity. Tab. IV and Tab. III underscore the superior performance
of our model across all metrics and signify the efficiency in
image inpainting tasks. Ideally, we wish to assess all diffusion
model on Places2. However, due to the significant inference
time required by RePaint (Tab. III), a single evaluation on
the Places2 dataset for three mask ratios demands around one
GPU-year, making it computationally intractable. As a result,
we chose to evaluate LDM on Places2, given its relatively
more manageable inference time, and focused our analysis of
RePaint on the CelebA-HQ dataset.

Qualitative Results We provide the exemplar visual results
to further demonstrate the advantages of HINT over compara-
tors. As shown in Fig. 5, our model generates high-quality
images with more coherent structures and fewer artifacts, such
as roofs and planks. For face restoration, our model better
recovers finer-grained details, such as eye features, compared
to the current state of the art [21], [22], [62]. We also provide
qualitative results for CelebA [38] and Dunhuang datasets [28]
in Fig. 6 to indicate our superior performance in global context
modeling. The proposed HINT recovers high-quality faces
with clear textures and plausible semantics, even with a large
mask covering almost all facial attributes. The results on
Dunhuang show that our model suppresses the generation of
light mottle, and demonstrates the effectiveness of our model
in handling small scratch masks.

Efficiency Comparison Our model uniquely incorporates
spatial awareness into the channel-wise self-attention, a design
innovation that maintains linear complexity, O(C2), with C
being the channel number. It manages to strike an impressive
balance between complexity and efficiency. As shown in
Tab. III, our model, carrying 139 million parameters, still
situates itself within the parameter counts seen among state-
of-the-art methods. More significantly, our model upholds an
inference time of 125ms per image, ensuring practicality with
millisecond-level response time. This efficiency does not come
at the expense of performance since our model outshines com-

Masked Input A B C D E Ours

Fig. 7. Visual results of our ablation studies. A refers to replacing MPD
with conventional PD, B removes the first FFN in “sandwich”, C replaces
SCAL with a single channel-wise self-attention design, D ablates HINT to
only include channel self-attention, a single FFN, and convolutional down-
sampling. E replaces our spatial branch with the basic gated mechanism
from [51].

Fig. 8. Visual results of the variants of sandwich.

peting methods in both qualitative and quantitative evaluations.

D. Ablation Study and Parameter Analysis

We conducted a series of ablation experiments on the
CelebA-HQ dataset to evaluate the impact of each proposed
component by downgrading them. All models are trained for
30,000 iterations. Our quantitative comparison results, which
are presented in Tab. V, demonstrate the effectiveness of our
key contributions. “U-Net w self-attention” (model D) is the
variant in which we ablate HINT to only include channel
self-attention [34], a single FFN, and convolutional down-
sampling. We also present visual results for a more intuitive
demonstration in Fig. 7.

Spatially-activated Channel Attention Layer Our pro-
posed SCAL captures channel-wise long-range dependencies
while complementing the spatial attention in an efficient
manner. We suggest that introducing the spatial attention
identifies “where” the important regions are. As illustrated
in Fig. 7 (model C), after removing the spatial attention,
the model is not confident enough to determine if an eye is
missing on the left, thus generating a very blurry left eye. We
substituted our spatial branch with the basic gated mechanism
from [51] (model E) to evaluate our superiority. In Tab. XI,
we replace the spatial branch with traditional spatial self-
attention (SSA), denoted as ‘w SSA’, to evaluate our efficiency.
However, due to the significant computational cost of SSA,
we have to resize the image to 64 × 64 to train on a single
A100. For a fair comparison, all experiments in Tab. XI are
conducted on 64 × 64 images. We notice that the significant
computational cost of SSA does not bring better performance,
which is reflected in the ambiguous features with the blur
texture (shown in Fig. 9).

Mask-aware Pixel-shuffle Down-sampling Our novel
downsampling method based on pixel shuffling maintains a
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TABLE V
ABLATION STUDIES. SETUP A REPLACES MPD WITH CONVENTIONAL PD, B REMOVES THE FIRST FFN IN “SANDWICH”, C REPLACES SCAL WITH
SINGLE CHANNEL-WISE SELF-ATTENTION DESIGN, D IS A HINT VARIANT WITH THE SPATIAL BRANCH REPLACED BY [51]’S GATED MECHANISM.

Setup Model 0.01%-20% 20%-40% 40%-60%

PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

A w/o MPD 34.5955 0.9649 0.4780 1.7458 0.0381 26.9292 0.8863 1.6320 4.9815 0.1084 22.5618 0.7813 3.4982 8.2196 0.1951
B w/o Sandwich 34.7272 0.9658 0.4661 1.4687 0.0361 27.0914 0.8893 1.5796 4.7625 0.1050 22.7027 0.7853 3.4185 7.9138 0.1912
C w/o SCAL 34.7951 0.9659 0.4624 1.7568 0.0364 27.1193 0.8895 1.5732 4.8769 0.1057 22.7206 0.7856 3.4021 8.1627 0.1925
D U-Net w self-attention 34.0204 0.9538 0.5129 2.0152 0.0497 26.0814 0.8754 1.8547 5.1029 0.1277 21.6149 0.7679 3.6912 8.9314 0.2104

E Full† 34.3155 0.9636 0.4891 1.3968 0.0393 26.7534 0.8837 1.6521 4.7358 0.1122 22.4632 0.7772 3.5221 7.9637 0.1999

Ours Full 35.0436 0.9671 0.4489 1.3542 0.0345 27.2954 0.8924 1.5363 4.6891 0.1016 22.8473 0.7895 3.3403 7.8697 0.1867

TABLE VI
“ATTENTION-FFN” STRUCTURE VS. “FFN-ATTENTION-FFN” STRUCTURE (SANDWICH) WITH THE SAME NUMBER OF PARAMETERS.

Model 0.01%-20% 20%-40% 40%-60%

PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

SCAL-FFN 34.7272 0.9658 0.4661 1.3716 0.0361 27.0914 0.8893 1.5796 4.7174 0.1050 22.7027 0.7853 3.4185 7.8970 0.1912
Conformer 34.5125 0.9576 0.4729 1.4028 0.3914 26.9672 0.8804 1.6760 4.7597 0.1083 21.2186 0.7218 3.6829 8.9506 0.2147

Thin-Sandwich (Ours) 34.7843 0.9661 0.4614 1.3697 0.0357 27.1070 0.8911 1.5763 4.6993 0.1047 22.7075 0.7872 3.4077 7.8863 0.1908

TABLE VII
ABLATION STUDY OF USING 1× 1 CONVOLUTION AFTER THE LAST SKIP CONNECTION.

Model 0.01%-20% 20%-40% 40%-60%

PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

w 1× 1 conv 34.5246 0.9646 0.4780 1.3693 0.0386 26.8984 0.8863 1.6267 4.7131 0.1101 22.4694 0.7792 3.5434 7.9647 0.1997
w/o 1× 1 conv (Ours) 35.0436 0.9671 0.4489 1.3542 0.0345 27.2954 0.8924 1.5363 4.6891 0.1016 22.8473 0.7895 3.3403 7.8697 0.1867

TABLE VIII
DIFFERENT KERNAL SIZE IN THE EMBEDDING LAYER.

Model 0.01%-20% 20%-40% 40%-60%

PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

7× 7 emb 34.6389 0.9657 0.4681 1.4034 0.0366 27.0422 0.8905 1.5803 4.9783 0.1043 22.6667 0.7865 3.3950 7.9168 0.1898
3× 3 emb (Ours) 35.0436 0.9671 0.4489 1.3542 0.0345 27.2954 0.8924 1.5363 4.6491 0.1016 22.8473 0.7895 3.3403 7.8697 0.1867

Fig. 9. Visual results of the variants of SCAL.

consistent flow of valid information within the transformer.
First, to demonstrate the feasibility of pixel-shuffle down-
sampling, we compare the performance of convolutional
downsampling, conventional PD and the proposed MPD on the
baseline. We ablate all proposed designs to build the baseline,
including the “Attention-FFN” structure, single channel-wise
self-attention branch, and conventional PD. As shown in
Tab. IX, directly using conventional PD provides an overall
improvement compared to convolutional down-sampling, but
leads to a decline in LPIPS. We attribute this degradation to the
incoherence of invalid information, which causes inaccurate
transfer of high-level feature representations. MPD solves this

problem and improves LPIPS significantly. Correspondingly,
in Tab. V, the performance of HINT suffers the largest drop
when we replace the MPD with conventional PD. As shown
in Fig. 7 (model A), the facial attributes are severely drifting
when MPD is removed.

Sandwich-shaped Transformer Block We introduce an
FFN-SCAL-FFN block to effectively manage the limited flow
of information. As evidenced by the results in Tab. V, remov-
ing the first FFN in the sandwich leads to a notable decrease
across all four metrics. In Fig. 7 (model B), the model fails
to learn a good enough feature representation of the eyeball
and nose, resulting in unclear textures for the generated left
eye and nose. Furthermore, to confirm that the effectiveness
of the proposed Sandwich Network is not merely attributed
to an increase in the number of parameters, we implemented
a lightweight variant that diminishes the parameter count in
both Feedforward Neural Networks (FFNs) by 50%. This thin
“Sandwich” configuration possesses an equivalent number of
parameters as the “Attention-FFN” architecture. Furthermore,
we substituted our “FFN-SCAL-FFN” with the Conformer
structure (FFN-Attention-CONV-FFN) [60] to evaluate our
superiority. As shown in Fig. 8, the proposed Thin-Sandwich
helps the model to learn a better feature representation of the
eyeball and mouth to provide clearer texture details. Although
Conformer also has a “sandwich” structure, it moves the
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TABLE IX
COMPARISON OF ALTERANTIVE DESIGN OF MASK-AWARE PIXEL-SHUFFLE DOWN-SAMPLING

Model 0.01%-20% 20%-40% 40%-60%

PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

CD 34.3159 0.9641 0.4842 1.4875 0.0380 26.6809 0.8846 1.6499 4.9362 0.1088 22.2408 0.7761 3.5828 8.2493 0.1979
PD 34.5229 0.9647 0.4787 1.3729 0.0393 26.8446 0.8865 1.6328 4.8756 0.1116 22.4448 0.7795 3.5466 8.0196 0.2023

MPD (Ours) 34.5820 0.9649 0.4733 1.3542 0.0375 26.9327 0.8867 1.6089 4.6891 0.1085 22.4769 0.7812 3.5001 7.8697 0.1972

TABLE X
HYPER-PARAMETER TUNING ON THE WEIGHTS ASSOCIATED WITH DIFFERENT LOSSES.

Model 0.01%-20% 20%-40% 40%-60%

PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

Sample A 34.6959 0.9581 0.4417 1.3143 0.0355 26.8916 0.8358 1.6470 4.8173 0.1073 22.7519 0.7850 3.4011 7.9715 0.1902
Sample B 33.5762 0.9233 0.4256 1.0158 0.0384 26.3527 0.8657 1.5419 4.9836 0.1216 22.4893 0.7754 3.4581 8.0381 0.1972

Sample C (ours) 35.0436 0.9671 0.4489 1.3542 0.0345 27.2954 0.8924 1.5363 4.6891 0.1016 22.8473 0.7895 3.3403 7.8697 0.1867

TABLE XI
ABLATION STUDY OF USING TRADITIONAL SPATIAL SELF-ATTENTION IN THE SCAL ON THE 64× 64 RESOLUTION.

Model 0.01%-20% 20%-40% 40%-60%

PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓ PSNR↑ SSIM↑ L1↓ FID↓ LPIPS↓

w SSA 34.4915 0.9515 0.6812 1.5641 0.0295 26.2375 0.8726 2.3536 5.0318 0.0720 21.3534 0.7726 4.3687 8.4753 0.1312
SCAL (Ours) 34.5849 0.9538 0.6715 1.5119 0.0271 26.3195 0.8781 2.2328 4.9513 0.0707 21.5242 0.7774 4.2918 8.4518 0.1312

convolutional layer that can extract local spatial feature behind
the attention. Therefore, it does not embed good enough
features for the following attention layer, making it difficult
to generate clear texture and structure in the generated area.
As shown in Table VI, the experimental results substantiate
that, given an equal parameter quantity, the Sandwich module
enhances the overall performance of the model.

Decision for the Last Skip Connection To harness the low-
level texture and structural features derived from the encoder,
we refrain from utilising 1×1 convolution for modulating the
number of channels post the last skip connection. The contrast
between the two strategies is enumerated in Tab. VII.

Embedding Layer In the embedding layer, we adopt a
gated convolutional layer with padding to embed the input
without downsampling. In contrast to prior works using 7× 7
convolutional layers to project the input [10], [18], [24], a
smaller kernel size (3 × 3) is employed in our embedding
layer to obtain more fine-grained features. As illustrated in
Table VIII, the smaller kernel gains better performance.

Parameter Tuning To tune HINT, we employ Optuna [70]
to identify the best set of hyper-parameters in terms of different
values of weights of our loss components. The top three
sets of combinations are λi: sample A [1,1,0.5,2], sample B
[1,60,1,2], sample C [1,250,0.1,0.001], as shown in Tab. X.
We implement the sample C for all of the experiments.

V. CONCLUSION AND DISCUSSIONS

We propose HINT, an end-to-end Transformer for image
inpainting with the proposed MPD module to ensure infor-
mation remains intact and consistent throughout the encoding
process. The MPD is a plug-and-play module, which is easy
to adopt to the other multimedia tasks that require masking
process, such as video edit, and animation edit. Our SCAL,
enhanced by the proposed “sandwich” module, captures long-
range dependencies while remaining spatial awareness, to

boosting the capacity of representation learning in a cheap
approach, which could potentially benefit multimedia tasks
that are based on channel self-attention.

The proposed components contribute to each other and drive
HINT to recover high-quality completed images. Experimental
results demonstrate that HINT overall surpasses the current
state of the art on four datasets [26]–[28], [38], with particu-
larly notable improvements observed on facial datasets [26],
[38]. Extensive qualitative evaluations demonstrate the supe-
rior image quality achieved by our framework.

As a direction of future research, HINT can be improved by
employing geometric information [18], [71] by simply adding
an indicator or incorporating a multi-task architecture, to get
better structural consistency. Furthermore, considering the suc-
cess of existing work [72], HINT can be potentially upgraded
to a text-guided image inpainting system by introducing the
pre-trained multi-model features to interpret the text feature
into the latent space.

Furthermore, unlike existing multi-step approaches [20]–
[22], as HINT is already able to recover high-quality com-
pleted images without requiring additional refinement process,
a second stage of reconstruction could further enhance the
quality of the results. Constrained by the current limited
computing resources, we will implement another refinement
network in the second step, utilizing the results from HINT as
inputs and fine-tuning them in the same scale. Two networks
are trained separately, thereby avoiding the large number of
parameters introduced by joint training.
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