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Abstract—Image inpainting is a classic technique in computer
vision research. The quality of image inpainting has improved
significantly since the advent of convolutional neural networks.
However, this approach generally results in blurry and semanti-
cally inconsistent reconstruction because of operating valid and
invalid pixels with equal weight. The gated convolution computing
feature attention is proposed to resolve this issue but this attention
mechanism was less efficient and computationally expensive. This
study proposed CIAFill that alleviates this problem using channel
independent attention. This mechanism applied channel attention
to each channel for activating valid channels and reduced
the computational cost to the dimension of the channel. The
proposed architecture included a channel attention generator and
a channel attention projection PatchGAN that utilize the channel
independent attention mechanism. This study proved that CIAFill
could successfully train the inpainting model with 1/1600 smaller
gating parameters than the earlier gated convolution-based
study. CIAFill achieved comparable performance to other feature
attention-based approaches in the experiments on CelebA-HQ
and Places2 datasets.

Index Terms—inpainting, attention module, generative adver-
sarial net

I. INTRODUCTION

An image inpainting task involves reconstructing occluded
or blank regions to make images plausible by referring to
information in surrounding regions. This is a popular task in
the field of computer vision and image processing [1]–[3],
because corruptions by noise and occlusions frequently occur
in real-world [4]–[7].

The performances of image inpainting have been signifi-
cantly improved with the advent of deep learning technolo-
gies [8], so most recent image inpainting techniques are based
on deep convolutional neural networks (CNN) [9]–[12]. CNN-
based networks trained by massive data can reconstruct highly
structured regions including complex semantics—faces, hands,
and buildings—because the learning paradigm of CNN in-
volves analyzing the pixel-wise data distribution from training
data [13]–[15]. However, CNN-based inpaintings commonly
generate implausible results, such as blurry texture, appar-
ent color discrepancy, and abnormal edges around erased
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regions [16]. These errors occur because the CNN filters
indiscriminate to both valid and invalid regions [17].

Fig. 1. Architecture of three attention mechanims. (a): feature attention, (b):
channel attention, (c): channel independent attention.

The gated convolution (GC) in DeepFill v2 adopts feature
attention in each core block to address this problem and
filters out pixels interfering with reconstruction [16]. GC-based
architectures [16], [18]–[20] can generate more detailed results
than earlier CNN-based approaches in irregular masks [9]–
[11], but the performance improvement of feature attention has
been negligible compared to the effect of other vision tasks
such as image recognition [21]–[23].

The channel attention can improve its performance better
than that of the feature attention for high-speed computation
and lightweight [24], [25], as shown in Fig. 1(b) and (a),
respectively. Although this technique used fewer parameters
than the earlier feature attention technique, its performance
improved significantly. However, channel attention for such
inpainting is still inefficient because two things are not con-
sidered: 1) the destruction of direct correspondence between
channels and weights owing to changes in the channel dimen-
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sion and 2) computational amount owing to the total coupling
between channels [20], [22], [25].

To address these issues, this paper proposes channel in-
dependent attention (CIA) in Fig. 1(c). The proposed CIA
focuses on the channels of the current features, activates valid
channels, and reduces the parameters required for computing.
This paper also proposes a CIAFill architecture that includes
a channel attention generator (CAG) and a channel attention
projection PatchGAN (CAPP). CAG is a generator that adopts
CIA blocks as core modules and requires fewer parameters
to adopt the gating concept than the earlier approaches [16],
[20]. CAPP is an attention-guided discriminator that also
adopts CIA blocks as core modules to boost the quality of
reconstructed results.

II. RELATED WORK

A. Convolution structure for inpainting

[9] presented deep learning-based inpainting utilizing a
CNN with a generative adversarial network (GAN) [26].
Following this study, the use of CNN with GAN has be-
come mainstream in inpainting research [10], [11], [16], [17].
However, because of the limitation of semantic understanding,
CNN-based methods commonly yield blurry reconstruction
results in complex scenes.

[17] investigated the reason for the blurry results from
the CNN-based inpainting models. This study revealed that
convolutional filters were spatially shared for all input pixels
or features, leading to a blurry reconstruction. This implied
that the invalid pixels or features in the region, such as
holes, propagated the meaningless information to surrounding
regions and generated blurry results. To address this problem,
[17] proposed a partial convolution (PC) mechanism that
considers only valid pixels for reconstruction by masking
invalid pixels and renormalizing. However, this model was
stacked by PC, layer to layer, and invalid pixels gradually
converted to valid pixels through training; nevertheless, these
valid pixels were neglected.

[16] suggested GC utilizing feature attention. The GC
provided information for each layer from its previous layer
using the feature-wise product. Because of its effectiveness
in extracting valid features from its previous layer and the
capability to utilize user sketch input to guide the results, GC
has been widely used in recent inpainting [18]–[20].

[20] suggested three types of light weight gated convo-
lution (LWGC) - depth-separable LWGC (LWGCds), pixel-
wise LWGC (LWGCpw), and single-channel LWGC (LWGCsc)
- for lightweight inpainting and synthesizing high-resolution
images. These models reduced the number of parameters but
did not outperform GC.

B. Channel attention mechanism

Channel attention has been proposed in image recognition
tasks to alleviate the high computation of feature attention
[22], [24], [25], [27]. The squeeze-excitation module improved
the recognition performance compared to general convolution
by compressing and re-activating the channel [24]. The

gather-excite module was proposed for a lightweight approach
and better context exploitation in CNNs using strided depth-
wise convolution [23], [28]. The bottleneck attention module
(BAM) divided feature attention into channel attention and
spatial attention, and then computed them in parallel [27].
The convolutional bottleneck attention module improved the
performance over the BAM by replacing parallel operations
with serial operations [22]. The channel attention module
efficiently improved the image recognition performance with
fewer channel interactions and a similar channel size [25].

C. Generators inside GAN for inpainting

DeepFill v1 [11] introduced two-stage inpainting models
with a dilated convolution structure. Strided convolution [29]
was used to reduce the resolution of the image by one-quarter
for preventing the loss of pixel information and then added five
extended layers to increase the receptive field of this structure.
However, this module is slow and heavy load because it
utilizes two stages and is calculated with high resolution.

U-net was proposed for inpainting structure [17], [30], but
these structures utilized a relatively large number of learnable
parameters than dilated convolution-base structure.

D. Discriminators inside GAN for inpainting

The most commonly used discriminator in inpainting is
PatchGAN [31]. Each dimension of the PatchGAN output
receives only the patch region in the images and determines
the region as real or fake. This model allows the generator to
produce realistic images in image-to-image translation [31],
[32], but commonly tends to undergo unstable training [33].

SN-PatchGAN [16] provided more stable training than the
earlier work [11] by widening the receptive fields and adopt-
ing spectral normalization [33]. This discriminator eliminated
the one-channel convolution in PatchGAN and adjusted the
adversarial loss on each neuron of the output, leading to fast
and stable training. However, this discriminator exhibited poor
performance in inpainting largely masked images.

Boundless’ discriminator [34] was a modified version of the
conditional projection discriminator [35]. This discriminator
replaced the classification label input with a pre-trained Im-
ageNet model [36]. Because features from Inception v3 [37]
contain more information from the conditioning vector, this
structure improved the discriminator in photo-realistic and
seamless synthesis. However, this model lost spatial conditions
in the discriminating process.

III. APPROACHES

Figure 2 demonstrates the overall architecture proposed in
this study. CIA is an effective structure for fast and correct
inpainting. To improve the attention-based GAN structure for
the inpainting task, the channel attention generator and channel
attention projection PatchGAN are introduced for the generator
and discriminator in GAN, respectively.

The contributions of the proposed architecture are as fol-
lows. First, this model can achieve higher performance without
increasing the number of channels, compared to the earlier
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Fig. 2. Architecture of CIA, CAG, and CAPP for image inpainting.

attention-based models [16], [20]. This architecture introduces
a serial operation mechanism for high-performance image
inpainting. Earlier attention mechanisms for inpainting models
such as GC and LWGC applied parallel operations. However,
in the modeling process of repeated channel expansions and
reductions, the semantic correspondences between channels
and their weights with different channel sizes can be doubly
destructive in parallel architectures, compared to the proposed
serial mechanisms [25]. Next, the channel attentions in this
architecture is calculated independently for each channel. This
method can expect an effect similar to that of increasing
the number of channel parameters and reduces the parameter
computation by the number of channels compared to a typical
channel attention [23]. Table I shows the number of training
parameters required by each convolution mechanism used in
inpainting.

TABLE I
THE NUMBER OF PARAMETERS NEEDED TO COMPUTE GATING FOR EACH

MECHANISM.

Mechanism Parameter calculation
kh,kw=3
C,C

′
=32

GC kh × kw × C × C
′

9216
LWGC ds kh × kw × C + C × C

′
1312

LWGCpw C × C
′

1024
LWGCsc kh × kw × C × 1 288

CIA (Ours) C 32

A. Channel Independent Attention
The proposed CIA introduces an improved channel attention

mechanism for image inpainting. Figure 2 demonstrates the
CIA architecture. wg in this figure shows that each channel of
gating G is calculated independently of the channel of feature

F with the same index. The CIA formulation is as follows.
Assume that input I is C-channel, each pixel located at y, x
in C ′-channel feature Fy,x is computed using Equation (1).

Fy,x =

k
′
h∑

i=−k′h

k
′
w∑

j=−k′w

Wk
′
h+i,k

′
w+j · Iy+i,x+j (1)

Where x and y represents x-axis and y-axis of output map
respectively, kh and kw denote the kernel size. k

′

h = kh−1
2 ,

k
′

w = kw−1
2 , W ∈ Rkh×kw×C×C′

, and Oy,x ∈ RC
′

are inputs
and outputs. This mechanism generates G by the given F for
reflecting the characteristics of the features. Assume that Gy,x
is the pixel located at (y, x) in G. The Gy,x is expressed as
in Equation (2).

Gy,x = wg � Fy,x (2)

Where wg ∈ RC ′ is a learnable parameter, � means
Hadamard product [38]. The pixel of output at (y, x), O(y, x)
is computed using Equation (3). σ represents a sigmoid func-
tion [39], φ represents an activation function. The exponential
linear unit is selected in this paper [40].

O = φ(Fy,x)� σ(Gy,x) (3)

Compared to earlier studies, the proposed CIA is different
from spatial attention in vision understanding tasks. Because
the input data in the image inpainting task already contain
temporal validity for each pixel with masked images, spatial
attention focused on the location patterns is unnecessary. In the
case of LWGCsc using only spatial attention, poor performance
was recorded compared to feature or channel attention-based
models [20].
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B. Channel Attention Generator

For CAG module in Figure 2, let x, x̂, m, and s represent
samples from the original data, erased data, mask, and sketch
(optional), respectively. The generator G takes the x̂, m,
and s and outputs the generated image G(x̂). The proposed
CAG includes four modules: 1) Stem module that reduces the
resolution by 1/4 each, 2) dilation module, 3) U-net module,
and 4) Scaler module that up-scales the image resolution back
to the original.

The stem module has the same parameters as the layers
from the first to the fifth of DeepFill v2. Features extracted
by this module become the input to the U-Net module and
dilation module.

The proposed model mixes a dilated module designed to
prevent pixel information loss [10] and a U-Net module
that can increase the performance of the model by stacking
several layers relative to the former structure [17], [41]. When
using the U-Net module, instead of a skip connection that
concatenates channels, the Hadamard identity skip connection
(HISC) is applied, which can increase inpainting performance
and reduce network parameters by replacing valid pixels of
the decoder with those of the encoder for each pixel [42]. To
avoid breaking the direct correspondence between channels
and their weights, both modules consist of the proposed CIA
with the same number of channels.

Finally, the scaler module receives the outputs of the dilation
and U-Net modules and outputs the image that matches the
original resolution.

TABLE II
THE TOTAL NUMBER OF LEARNABLE PARAMETERS FOR EACH INPAINTING

MODEL.

Structure Model
# of learnable

parameter

U-net SC-FEGAN 42.1M
DFNet 32.9M

Dilated
convolution

EdgeConnect 12.1M
DeepFill v2 4.1M

HiFill 2.7M
Both CAG (Ours) 1.8M

Table II presents the parameter number of inpainting mod-
els according to the model structure, which proves that the
proposed CAG acquires the fewest number of parameters. The
proposed CAG architecture can achieve high performance with
a reduced number of model parameters.

C. CAPP: Channel Attention Projection patchGAN for dis-
criminator

In Figure 2, CAPP represents the proposed discriminator.
This discriminator considers the x̂ as fake data with m and
s as conditions, and the x as real data with the same m and
s as conditions. CAPP is motivated by three representative
discriminators. Boundless [34]’ discriminator prevents perfor-
mance degradation in restoring where the erased area is large.
An attention-guided discriminator [32] focuses on missing

regions. An SN-PatchGAN [16] provides stable learning with
global and local features.

To take advantage of these three discriminators, CAPP
consists of SN-PatchGAN (φ and fφ) as the baseline, pre-
trained Inception v3 (C) for extracting perceptual feature of an
image, and a convolutional layer fC matching the dimension
of the output by C and φ to project its feature as the condition.
Formally, our discriminator D is expressed by Equation (4).

D([x̂, x,m, s]) = fφ([x̂,m, s], [x,m, s])

+ fC(C(x))� φ([x̂,m, s], [x,m, s]) (4)

The SN-patchGAN is expressed by Equation (5).

D([x̂, x,m, s]) = fφ([x̂,m, s], [x,m, s]) (5)

The Boundless’ discriminator is expressed by Equation (6).

D([x̂, x,m, s]) = fφ([x̂,m, s], [x,m, s])

+ 〈fC(C(x)), φ([x̂,m, s], [x,m, s])〉 (6)

Where 〈., .〉 denotes an inner product. In Equation (4),
fφ(φ([x̂,m, s], [x,m, s])) is from the SN-PatchGAN in Equa-
tion (5). C(x) � φ([[x̂,m, s], [x,m, s]]) is from Boundless’s
discriminator, differs in three respects. First, the inner product
is changed to the Hadamard product to preserve the authen-
ticity of each neuron. Second, the features extracted from φ
can contain sketch information. Although the inpainting task
without sketch information was performed in this study, the
proposed CAPP model can also receive sketch information
as an optional input for user-intended inpaintings. Finally, the
Boundless discriminator extracted the features of Inception v3’
from the output layer, but the proposed discriminator extracted
features from the layer before pooling [37]. This change
indicates that this model reflects the derived information of
each pixel inferred from the model.

All convolutional layers in this architecture are changed to
CIAs for dynamic feature selection. Compared to the earlier
attention-guided discriminator with a constant threshold-based
attention map [32], the CAPP effectively focuses on the erased
parts with CIA layers, and it is possible to extract optimal
features for the masked regions.

D. Loss function

The adversarial loss function for this model is adjusted
from the loss of SN-patchGAN to reflect the output of each
neuron [16]. The model is trained with a mixture of three
losses: reconstruction loss Lrec, adversarial loss Ladv [26],
and gradient penalty loss Lgp [43] as shown in Equation (7),
where λrec = 100, λadv = 1, and λgp = 10 [18], [34].

Ltotal = λrecLrec + λadvLadv + λgpLgp (7)

The pixel-wise L1 loss is selected as Lrec. The hinge
loss [44] is applied to Ladv [30], [45]. Hinge loss consists
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Fig. 3. Examples of a inpainting results using Places2 and CelebA-HQ by each model.

of LG for training the generator and LD for training the
discriminator. LG is derived using Equation (8).

LG = −Ez∼PZ
[D(G(z))] (8)

E•∼P�
represents the expectation of variables • with prob-

ability distribution function P�. z represents a set of x̂, m,
and s. Z is the probability distribution of z.

The discriminator is trained using Equation (9). data rep-
resents the probability distribution of x, Relu is a rectified
linear unit [46].

LD = Ex∼Pdata
[Relu(1−D(x))]

+ Ez∼PZ
[Relu(1 +D(G(z)))] (9)

The gradient penalty loss is represented by Equation (10)
for high-quality inpainting performances.

LGP = Eu∼Pu
[(‖∇uD(u)‖2 − 1)] (10)

In Equation (10), U represents the probability distribution
function of u, which is a uniformly sampled data point along
the straight line between the discriminator inputs from x and
x̂. In this study, the generator and the discriminator used
Adam [47] optimizer for training and set the learning rate
to 1e-5 and 1e-4 until convergence, respectively.

IV. EXPERIMENTS

A. Experimental setting

TensorFlow [48] 1.15, CUDA 10 [49], and cudnn 7.4 were
used for this experiment. Two computers were used - Intel(R)
Xeon(R) Silver 4114 as CPU and Intel(R) Xeon(R) W-2145
as CPU including NVIDIA TITAN RTX as GPU and 64GB
of RAM.

Two datasets were used in this experiment: Places2 [50]
and CelebA-HQ [51]. Places2 includes 18 million scene pho-
tographs with scene categories and is cropped to 256 pixels
in both width and height for the experiments. CelebA-HQ is a
dataset of face images in which 30,000 high-resolution images
are resized to 512 pixels in both width and height. Free-form
masks or an irregular mask dataset provided by [17] are
used to create irregular holes. The Canny edge algorithm [52]
was applied to the datasets to generate the sketch dataset
(optional). However, for the sake of fairness, the sketch was
not used in the comparative experiments. In all tables in this
chapter, the bold fonts and underline indicate the best and
the second performance in the same column, respectively. L1
error, Structural SIMilarity (SSIM) [53], and Fréchet Inception
Distance (FID) [54] were used as the evaluation metrics
to measure how much it is restored like the original, how
structurally it is similar to the original, and how similar it is
to the original data distribution, respectively.
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Fig. 4. Examples of inpainting results using Places2 and CelebA-HQ by each discriminator.

B. Qualitative and quantitative results

Four models - DeepFill v2 [16], HiFill [20], EdgeCon-
nect [45], and DFNet [30] - were set up to compare the
performances with the proposed architecture. The quantita-
tive and qualitative results of each comparative model were
implemented using the pre-trained models published by the
authors.

Figure 3 illustrates certain inpainting results of the five
models. In the case of (a), the image could not be restored
by DeepFill v2 without utilizing the NVIDIA irregular mask
dataset proposed for general-purpose inpainting. As shown in
(b), the proposed CIAFill successfully restored the shape of
a building unlike DeepFill v2 or HiFill because CIAFill con-
centrates only on the pixel index without spatial information
during attention. (c) indicated that only two models, DFNet
and CIAFill utilizing U-net, consistently inpainted the black
pillars because U-net could consider the full context of the
image with stacking strided convolution. In the case of (d),
edge connect, DFNet makes lips restoration unnatural. Overall,
CIAFill architecture visually outperformed the other models.

Table III presents the average inference time per image, L1
error, SSIM, and FID of five models in the Places2 datasets and
four models in the CelebA-HQ datasets. Our model performed

TABLE III
PERFORMANCES OF INPAINTING RESULTS BY EACH MODELS.

Places2
Model

Time
(ms) L1 (%) SSIM FID

DeepFill v2 51 8.94 0.885 8.61
HiFill 43 8.07 0.884 8.54

EdgeConnect 78 6.98 0.902 7.97
DFNet 85 7.11 0.905 7.45

CIAFill (Ours) 39 7.00 0.909 7.22
CelebA-HQ

Model
Time
(ms) L1 (%) SSIM FID

DeepFill v2 69 4.20 0.921 5.87
EdgeConnect 110 4.57 0.910 6.55

DFNet 126 4.11 0.927 6.16
CIAFill (Ours) 41 4.02 0.936 5.41

the best in all four metrics except for the L1 error in the
Places2 testset. In CelebA-HQ, the proposed model achieved
the best performance in all four metrics.

C. Comparisons of discriminator

Figure 4 shows examples of generated images when trained
by SN-PatchGAN, projection discriminator, CAPP without
CIA, and CAPP with CIA. As shown in (a), it was restored
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seamlessly because CAPP with CIA using the attention mod-
ule concentrated only on the deleted part. In the case of (b),
the complex texture of the quilt could be reproduced because
the features of the original image were used for projection
during training. However, the projection discriminator that
did not consider local features could not erase the mask
marks in the narrowly erased area. As confirmed by (c),
considering both local features and attention was essential
to prevent unintentional spots because the region of interest
can be identified. In the case of (d), mike and the celeb lip
were distorted in the outputs of SN-PatchGAN and projection
discriminator. There, the proposed discriminator with CIA
outperformed other discriminators in this experiment.

TABLE IV
EVALUATION PERFORMANCES BY EACH DISCRIMINATOR.

Places2
Discriminator L1 (%) SSIM FID

SN-patchGAN 8.81 0.866 8.82
projection discriminator 7.18 0.893 7.27
CAPP (Ours) w/o CIA 7.25 0.892 7.84
CAPP (Ours) w/ CIA 7.00 0.909 7.22

CelebA-HQ
Discriminator L1 (%) SSIM FID

SN-patchGAN 4.22 0.927 5.61
projection discriminator 4.19 0.916 5.47
CAPP (Ours) w/o CIA 4.15 0.933 5.70
CAPP (Ours) w/ CIA 4.02 0.936 5.41

Table IV reports the performances of the proposed discrim-
inator. CAPP with CIA performed the best on all three metrics
in both datasets. In this experiment, whereas the Places2
dataset included a variety of foregrounds, the CelebA-HQ
dataset included front-facing human faces. Therefore, CelebA-
HQ shared more similar features than Places2. In this case,
the correct judgment about attention can be a more important
contribution to performance improvement than in other cases.
Therefore, CAPP without CIA recorded lower performance
than projection discriminator in the Places2 dataset. In the
CelebA-HQ dataset, CAPP without CIA performed better than
the projection discriminator.

D. Comparisons of attention-based mechanisms

In these experiments, DeepFill v2 was the baseline model,
and GC, LWGC, and the proposed CIA changed the genera-
tor’s convolution mechanism. Five perspectives were applied
for the analysis measures of results: L1 error, SSIM, FID, the
total number of gatings’ learnable parameters, and the time it
takes to generate an image of 256×256 in the Places2 dataset.

Figure 5 depicts certain samples for qualitative comparison.
The results from the LWGC indicated a noticeable problem
with regions that were blurred or erased. Because GC and
LWGC utilize spatial information for attention, the channel
features were reduced, leaving mask-shaped marks when re-
stored.

As shown in Table V, the proposed CIA outperformed
the compared mechanisms in all evaluation measures. In this
study, it was proved that the proposed CIA is the most efficient

Fig. 5. The inpainting results using Places2 and CelebA-HQ by each attention
mechanisms.

TABLE V
PERFORMANCE COMPARISONS OF DEEPFILL V2 BASED MODELS USING

PLACES2.

Mechanism # of gatings’
parameter

Time
(ms)

L1
(%) SSIM FID

GC 1,793,928 51 8.87 0.893 7.65
LWGC 110,564 38 8.82 0.904 7.56

CIA (Ours) 1,119 33 8.69 0.911 7.49

gating method in terms of computational amount and speed
than earlier methods.

V. CONCLUSION

This paper introduces the CIAFill architecture for fast and
lightweight image inpainting. The CIAFill included CAG and
CAPP utilizing the proposed CIA as a core mechanism based
on independent channel attention. The experiments in this
study proved that the proposed mechanisms performed better
than existing models in terms of performance, speed, and
model size. The strengths of the proposed methods would
contribute to real-time inpainting or inpainting in mobile
environments. The CIAFill still requires improvements. It
maintains its performance only by using both CAG, which uses
both the dilation module and U-Net module, and CAPP, which
combines attention-guided discriminator, SN-PatchGAN, and
projection discriminator. Therefore, we intend to improve the
channel attention mechanism applicable to the general model
in our future work.
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