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Abstract

Face verification between ID photos and life photos (FV-
BIL) is gaining traction with the rapid development of the
Internet. However, ID photos provided by the Chinese ad-
ministration center are often corrupted with wavy lines to
prevent misuse, which poses great difficulty to accurate FV-
BIL. Therefore, this paper tries to improve the verification
performance by studying a new problem, i.e. blind face in-
painting, where we aim at restoring clean face images from
the corrupted ID photos. The term blind indicates that the
locations of corruptions are not known in advance.

We formulate blind face inpainting as a joint detection
and reconstruction problem. A multi-task ConvNet is ac-
cordingly developed to facilitate end to end network train-
ing for accurate and fast inpainting. The ConvNet is used to
(i) regress the residual values between the clean/corrupted
ID photo pairs and (ii) predict the positions of residual re-
gions. Moreover, to achieve better inpainting results, we
employ a skip connection to fuse information in the interme-
diate layer. To enable training of our ConvNet, we collect
a dataset of synthetic clean/corrupted ID photo pairs with
500 thousand samples from around 10 thousand individu-
als. Experiments demonstrate that our multi-task ConvNet
achieves superior performance in terms of reconstruction
errors, convergence speed and verification accuracy.

1. Introduction

Face recognition [8] has achieved significant advances in
recent years benefiting from deep learning [2] methods, es-
pecially the ConvNet (convolutional neural network) [12,
18]. Since the groundbreaking work of DeepFace[17],
ConvNets have continuously set new records on the LFW
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Figure 1. The face images corrupted by the Chinese administration
center for ID photos and the flowchart of the application of FVBIL
with blind face inpainting.

benchmark [9] and even achieved beyond human perfor-
mance in [16]. These recent advances have promoted the
development of a specific task, i.e. the face verification be-
tween ID photos and life photos [22]. In this task, face im-
ages acquired in unconstrained environment from daily life
are compared with face images in the photos of the identity
card. Challenging as it is, FVBIL has drawn much attention
because it has various potential applications, e.g. clearance
at an airport, opening bank account from remote and regis-
tration on a conference.

However, ID photos provided by the Chinese adminis-
tration center are often corrupted with wavy lines or water-
marks to prevent misuse. Fig 1 shows an example of this
kind of ID photos. These imposed patterns would severely
deteriorate the face detection and alignment performance
and pose great challenges to face verification. Therefore,
detecting those corrupted pixels and restoring them with
ground truth face textures are crucial for FVBIL. The au-
tomatic detection and reconstruction process of corrupted
images are often known as blind inpainting [3]. Since our
inpainting problem for FVBIL specializes on the face im-
ages in ID photos, we denote our problem as the blind face
inpainting problem, in which the term ’face’ indicates the
faces in ID photos. Fig 1 illustrates the blind face inpaint-



ing process for FVBIL.
To improve the performance of FVBIL, this paper stud-

ies a real time blind face inpainting approach to simultane-
ously detect the corrupted regions and reconstruct the cor-
responding face textures. To this end, we propose an multi-
task ConvNet, which takes as input only the corrupted ID
photos and as output the residuals between corrupted/clean
photo pairs (both their values and positions). Specifically,
by regressing the residuals between clean/corrupted pairs
instead of the clean ID photos directly, an additional super-
vision, i.e. the positions of corruption, can be readily incor-
porated into the same ConvNet. This auxiliary task helps
the network to converge faster and perform better than its
single task alternatives, achieving better results in shorter
time. Moreover, we introduce a skip connection to the tra-
ditional ConvNet architecture, which can provide accurate
context information to the middle layers of the ConvNet.
Although the performance gain is only marginal, this al-
lows us to gain insight into the processing scheme of our
proposed inpainting ConvNet.

Training the deep ConvNet requires a large set of
clean/corrupted ID photo pairs. Therefore, we de-
velop a technique to generate 500 thousand synthetic
clean/corrupted pairs from 10 thousand clean ID photos.
This amount of data would satisfy our demands to train the
ConvNet. We also collect another dataset that consists of
real corrupted ID photos and clean life photos to evaluate
the model’s capability in FVBIL tasks.

In summary, our main contributions are:
1. We first address blind face inpainting problem and de-

velop a real time approach to simultaneously detecting and
reconstructing corrupted pixels. This approach is very fast
at test time and achieves promising results on the FVBIL
tasks.

2. We propose a multi-task ConvNet with residual learn-
ing to handle the blind face inpainting problem. The pro-
posed model converges faster and performs better than its
single task alternatives. It provides a potential solution of
general blind or non-blind inpainting problems.

3. We visualize and analyze the ’thinking process’ of the
learned ConvNet, and propose a skip connection to further
boost the performance.

2. Related Work

Blind inpainting [19] refers to the process of restoring
the missing or corrupted areas of images or videos when
their locations are not known in advance. It is more difficult
compared with the traditional non-blind inpainting problem
in that no information about the exact positions of the cor-
rupted areas is provided. Therefore, blind inpainting, and
blind face inpainting in particular, have seldom been ad-
dressed before. Authors in [19] resort to sparse auto en-
coder to learn a blind inpainting model for imposed text on

Figure 2. Network architecture of the TrivialNet. The Conv and
ReLu layers are stacked to generate the predicted clean photo, the
mean square loss is employed to measure the difference between
network prediction and the ground truth.

natural images. A more recent work [15] also focuses on
this general problem with a modified ConvNet which im-
plements translation variant interpolation for non-blind in-
painting. Rain removal, which is a special case of blind
inpainting, is addressed in [6] with a specialized ConvNet.
The analysis of the difference between patch based training
and fully convolutional training is also presented on this pa-
per. Besides the image inpainting task, ConvNet has also
been shown to be effective in many other low-level com-
puter vision problems, such as image denoising [4] and im-
age super-resolution [5].

Multi-task ConvNet: By exploiting the commonality
among related tasks, multi-task learning models can pro-
mote knowledge sharing among different tasks, thus boost
the performance and improve the generalization ability. The
feature sharing idea can be easily adapted to the ConvNet
by concatenating multiple loss functions to a shared layer.
Previous researches on various computer vision problems,
including facial landmark detection [21], attribute predic-
tion [1] and saliency detection [14] have demonstrated the
effectiveness of the multi-task strategy in the ConvNet.

3. The Proposed Method

3.1. Multi-task Architecture

In this paper, we introduce a multi-task ConvNet that can
be trained end to end for blind face inpainting. We begin
the description of our proposed model with a trivial archi-
tecture. Intuitively, it is easy to develop a model that takes
as input a entire corrupted photo and takes as output the pre-
diction of the corresponding clean photo. An illustration of
such network is shown on Fig 2. As implemented in this pa-
per, all the six intermediate layers are convolutional layers
with kernel size of 3× 3, filter numbers are set to 64 for all
except the last layer. We pad zeros for all convolutional lay-
ers and do not introduce pooling layers to maintain the im-
age size. In this work, we restrict our research to grayscale
images, therefore, the input and output layer both have one
channel.

This trivial ConvNet resembles the work of [19] which



Figure 3. Network architecture of the multi-task ConvNet. The fifth Conv layer is followed by two separate Conv layers, with one outputting
the predicted residual and the other outputting the predicted label map. The ⊕ is an element-wise sum operation on the predicted residual
and the input data. Mean squared loss and logistic loss are employed respectively for each task.

Figure 4. An example of the training sample. (a) is the corrupted
photo, (b) is the clean photo and (c) is the corresponding label
map.

uses a patch based sparse auto-encoder instead. However,
this network only performs moderately well and it also suf-
fers from the defect of slow convergence. Therefore, we
turn to the multi-task learning paradigm to improve the con-
vergence speed and the final performance. As emphasized
in section 1, it is the purpose of this paper to simultaneously
detect and reconstruct the corrupted areas. In that spirit, we
introduce an auxiliary corruption detection task besides the
original reconstruction task to our ConvNet to formulate a
multi-task architecture.

However, these two tasks share little commonality un-
der our current setting when the ConvNet is used to regress
the entire clean image. The reason is that the reconstruc-
tion task focuses on the entire image whereas the corruption
detection task only responses to the residual areas. There-
fore, it is non-trivial to embed these two tasks to the current
ConvNet architecture. We handle this problem with a ma-
jor change in ways of solving this problem but need minor
modifications in the network architecture. Specifically, in-
stead of regressing the entire clean photos directly, we pro-

pose using the ConvNet to regress the residuals between the
corrupted/clean ID photo pairs. By now, the network should
attend to the residual areas directly in the main flow. Given
this architecture, we can easily embed those two tasks in
one shared ConvNet.

Our proposed multi-task ConvNet is illustrated in Fig 3.
The detection and reconstruction task share the first five
convolutional layers and have their respective sixth layer be-
fore the loss layers. By incorporating the auxiliary detection
task into the ConvNet, the network could potentially learn
how to distinguish between the corrupted and uncorrupted
pixels and thus avoid an indiscriminative inpainting process
on different types of pixel regions (inpainting on an uncor-
rupted region might cause blurry output as shown in Fig 9).
Moreover, the multi-task paradigm is able to boost the over-
all performance and improve the generalization ability as
indicated later in the experiments in section 5.

3.2. Learning Objectives

We denote the training example as (x, y, r, lr), where x
and y are the corrupted/clean photo pairs. r stands for the
residual image x − y, and lr is a label map, which is a bi-
nary image with 1 indicating the corrupted areas and 0 in-
dicating the non-corrupted ones. Fig 4 shows an example
of such training data. We learn a regressor and a classifier
at the same time with the ConvNet, which corresponds to
the reconstruction and detection task respectively. Since the
residual image x − y may contain negative numbers, Conv
layer without ReLu activations are employed to generate the
predicted residual values in the residual regression task.

Although in the problem of blind face inpainting, the in-



Figure 5. Network architecture of the multi-task ConvNet with skip connection. The input data layer are concatenated to the feature maps
of the third ReLu layer as an extra channel.

formation on the positions of the corrupted areas cannot be
provided as input to the ConvNet, it is still feasible to take
the label map r as a supervision in the training phase. Be-
cause it is straightforward to get the residual image and the
label map as long as the corrupted/clean photo pairs are pro-
vided.

Given the training set {x, y, r, lr} ∈ N , the ConvNet
regressor ϕ and the network parameters w1, the training loss
of the reconstruction task is the mean square error between
the predicted residual and the ground truth r = x− y:

J(w1) =
∑

(x,y,r,lr)∈N

∑
i,j

‖rij − ϕij (x)‖
2

(1)

where ϕij is the regressor that regresses the residual rij at
position (i, j).

The detection task can be regarded as training a ConvNet
classifier that implement a pixel level dense prediction on
whether it is corrupted. Given the ConvNet classifier φ and
the network parameters w2, the logistic loss is exploited for
the dense prediction problem at each position. The loss for
all the data at all the positions is denoted as:

J(w2) =
∑

(x,y,r,lr)∈N

∑
i,j

[lrij log(φij(x))

+ (1− lrij)log(1− φij(x))]

(2)

where lrij is the ground truth label indicating whether pixel
at position (i, j) is corrupted or not, and φij is the classifier
that predicts whether pixel at position (i, j) is corrupted.

A weighting parameter α is further introduced to balance
the relative importance of these two losses, and the total loss
now writes J(w1, w2) = J(w1) + αJ(w2). Note that w1

Figure 6. The ’thinking process’ of our multi-task ConvNet. We
visualize the responses of all the intermediate ReLu layers. The
image contrast is adjusted for better visualization. Some feature
maps (marked with white box) preserve the original image infor-
mation.

and w2 share most of the parameters. During the training
process, we first give equal weight to each task and grad-
ually decrease the weight for the auxiliary detection task
to almost 0 while keeping the weight for the main recon-
struction task fixed. We minimize the loss function with
Stochastic Gradient Descent (SGD) using the Caffe [11]
framework.

3.3. Skip Connection

Another feature of our proposed method is the introduc-
tion of a skip connection between the input and the inter-
mediate feature maps. The term ’skip’ refers to a struc-
ture that fuses feature maps from different layers, forming a



Figure 7. Examples of the synthetic corrupted data. Masks that
exhibit different orientations, magnitudes, phases, line width and
gray scale are imposed on the clean data to simulate the real data
from the Chinese administration center.

inter-layer connection. When inpainting a corrupted image,
traditional methods would consistently resort to neighbor-
ing pixels to restore the corrupted areas. Motivated by this
scheme, we propose a skip connection that concatenates the
input data as a feature map to an intermediate layer (output
of ReLu3 in our case). The following layers will implement
directly on this concatenated layer. One possible benefit
of this architecture is that it provides more accurate con-
text information to the subsequent layers. Without this skip
connection, it is hypothesized that the ConvNet would have
to learn identical mappings to preserve the context infor-
mation in its intermediate layers. However, the learning of
identical mapping is very difficult as depicted in the newly
proposed residual learning model in [7]. By incorporating
the skip connection, the context information would come at
much lower cost.

As a proof of the necessity of the skip connection, we vi-
sualize the ’thinking process’ of our multi-task ConvNet. In
detail, we illustrate sample activations for each intermedi-
ate layers in Fig 6. As envisioned, most feature maps only
respond to the residual areas. But it is also noted that a
small portion of the feature maps (marked with white box)
do maintain the original image information for further re-
construction. This reflects a coupled processing of detection
and reconstruction in the ConvNet, and verifies our hypoth-
esis that the ConvNet learns identical mapping to preserve
the context information in its intermediate layers. By in-
troducing the skip connection, we incorporate the original
input to the intermediate layers, which can provide more
accurate context information for further reconstruction.

3.4. Test-Time Evaluation

Our model processes the blind face inpainting problem
with a single end to end ConvNet. At test time, we only
need to calculate one pass of forward propagation on a cor-
rupted ID photo of size 220 × 178. Since the auxiliary
task does not need to be computed at test time, the multi-
task ConvNet will not introduce extra time consumption.
With GPU acceleration on one NVIDIA GTX Titan, our ap-
proach runs at more than 100 frames per second. When run-
ning on a PC with core i7-3770 and 8G RAM, our network
can still processes 1 frame in one second, whereas tradi-

tional methods would take minutes. It is totally viable to in-
tegrate our approach as a preprocess step in a real time FV-
BIL system with GPU acceleration. With recent advances
in network compression [10], our ConvNet should be able
to work much faster with only CPU in the future.

4. Dataset Collection

A large dataset is needed to enable the training of our
multi-task ConvNet for real-life blind face inpainting prob-
lem. Since large scale corrupted/clean ID photo pairs are
not accessible, we would have to come up with a procedure
to generate the synthetic corrupted/clean ID photo pairs
from a collection of clean ID photos.

We simulate the random patterns with sine and cosine
waves with different magnitudes and phases, and random
transformations are also introduced to increase the diversity
of the patterns. Gaussian filtering is implemented on the
binary pattern image (the grayscale of imposed patterns is 0
and that of other regions is 1) to generate random patterns
with pixel values analogous to the actual distribution. The
generated image is treated as a mask image. We add the
mask to the clean ID photo to generate a corrupted ID photo
with the following formula:

y =

{
βM + (1− β)x if M < 1
x if M = 1

(3)

where, M is the mask image and β is a parameter drawn
from a uniform distribution over [0.1, 0.9] and controls the
transparency of the patterns. The above equation means that
only the corrupted areas are added to the clean photo, and
the other regions remain the same during the procedure. We
collect 11, 648 clean ID photos to generate the synthetic
dataset. 50 random corrupted images are synthesized for
each individual. Finally, we get over 500, 000 data pairs for
the training process. Some examples of the synthetic data
are shown in Fig 7.

For the FVBIL experiment, we collect another 1 : 1 syn-
thetic corrupted ID photo/ life photo pairs of 500 individu-
als. We will call this dataset ’SYN500’ in the next section.
Due to the scarcity of test data, we conduct full comparison
on this collected dataset. Since much more negative sam-
ples are tested than positive samples when conducting full
comparison, the accuracy is not an ideal metric to evalu-
ate the verification performance. Instead, we compare the
TPR@FPR for fair evaluation. To further test the perfor-
mance on unseen data, we also collect 300 ID photos cor-
rupted by another institution (not the Chinese administra-
tion center, and due to copyright issues, we could not show
these ID photos on this paper) and their corresponding life
photos. Similarly, we call this dataset ’US300’.



Figure 8. PSNR on the validation set as the function of training
iterations (in ten thousand).

5. Experiments

5.1. Baseline Methods

Few algorithms have been proposed to address the in-
painting problem, and none explicitly for the blind face in-
painting problem. Therefore, in our work, we will compare
our multi-task ConvNet with skip connection (MtsNet) and
the multi-task ConvNet without the skip connection (Mt-
Net) with (1) the trivial network (TrivialNet) introduced in
section 3.1, (2) the trivial network that regress the residu-
als (ResidualNet) instead of the clean photos. Specifically,
the TrivialNet can be seen as an variation of the compared
method in [15], which has been shown to outperform the
auto-encoder based method [19]. Since the method pro-
posed in [15] focuses on non-blind inpainting which needs
the corrupted regions to be provided in advance, we do not
compare with their method ( and other non-blind inpainting
methods) in this work. The inpainting performance is eval-
uated with both quantitative metric (PSNR) and qualitative
visual results.

5.2. Implementation Details

Training All the image pairs are resized to 220 × 178. A
total of 200 individuals are used for validation, and the rest
are used for training. No crop, flip or rotation are imple-
mented since the amount of the training data is abundant to
train such a medium sized network. For all the compared
network structure, the batch size is 30, momentum is set to
0.9 and weight decay is 0.0005 for all layers. The learn-
ing rate is set to 10−6 initially, and decreased by a factor
of 10 to 10−8 after the loss in the validation set stops to
decrease. For our multi-task ConvNet, the weight for the
detection loss is set to 0.5 and decreased to 0.01 after 200K
iterations.
ConvNet for facial feature extraction We train a deep
ConvNet for the extraction of deep facial features. In de-
tail, a model introduced by [18] is trained on the CASIA-
WebFace dataset [20] and achieves an accuracy of 98.1%

Figure 9. Visual results for different models. MtsNet can restore
the corruption with more smooth textures. But TrivialNet and
ResidualNet tend to make the entire image very blurry.

on the LFW [9] benchmark. We then finetune the network
on a large ID/life photo dataset with triplet loss [16]. After
that, this finetuned model is used to extract features for the
FVBIL task. Cosine distance is employed to compare the
similarity between face samples.

5.3. Inpainting Results

We compare the quantitative inpainting results for the
synthetic dataset in this subsection. Specifically, PSNR for
the validation set, which consists of 10,000 corrupted im-
ages from 200 individuals, are calculated. We report the
PSNR of different training iterations in Fig 8. The weight
for the detection task is set to 0.5 at first and reduced to 0.01
and 0.001 at 200K and 600K iterations respectively for both
MtNet and MtsNet. The learning rate is decreased to 10−7

and 10−8 at 600K and 800K iterations respectively for all
the compared ConvNets.

As illustrated in Fig 8, with the multi-task paradigm, the
MtsNet and MtNet reach better PSNR after 10K iterations
of training and continue to perform better than TrivialNet
and ResidualNet. This suggests that the multi-task learning
strategy speeds up the convergence and boosts the overall
performance. At 200K iterations, we lower the loss weight
for the detection task and observe a big leap in the perfor-
mance and a relatively faster saturation soon after. This fur-
ther verifies the multi-task learning strategy contributes to
find a better local minimum that can benefit both the con-
vergence speed.

The curves in Fig 8 also suggest that the skip connection
indeed improves the performance before 200K iterations.
But no evident improvement is observed after 200K itera-
tions, and it even performs slightly worse than MtNet after
300K iterations. However, verification performance in the
next subsection indicates that MtsNet still performs better
than MtNet. Another phenomenon that is worth mention-
ing is that the ResiduaNet consistently performs better than
the TrivialNet. This can be considered as a validation of the
theory proposed in [7] that learning an identical mapping is
much harder than learning the residuals for the ConvNet.



Table 1. Evaluation of the FVBIL task.
TPR@FPR=1% TPR@FPR=0.1% TPR@FPR=0.01% PSNR

MtsNet 80.60 58.40 30.20 32.83
MtNet 81.00 57.80 29.20 32.89

TrivialNet 77.20 51.60 29.00 31.87
ResidualNet 79.60 55.00 29.20 32.24

Corrupted 49.00 30.80 16.40 22.66
Clean 91.20 75.20 50.20 -

5.3.1 Visual Results

We compare the qualitative visual results of different mod-
els in Fig 9. It is observed that both multi-task based Con-
vNets can remove more corruption areas than their single
task alternatives. What’s more, in the second row of Fig 9,
the textures of the right eye is well preserved by both multi-
task based ConvNets but are severely blurred by TrivialNet
and ResidualNet. This suggests an indiscriminative inpaint-
ing process implemented by TrivialNet and ResidualNet.
But the proposed MtsNet and MtNet can better identify the
positions that needs to be inpainted and thus keep the un-
corrupted regions intact. With a closer look at the first row
of Fig 9, we can see that MtsNet can restore the corrupted
areas with more smooth textures than MtNet. This is pos-
sibly because that the skip connection could provide more
accurate context information for the reconstruction process.

As in [6], we also test our model on data with differ-
ent statistics. To that end, we conduct experiments on the
’US300’ dataset. As declared in [6], the quality of the re-
sults does depend on the statistics of test cases being similar
to those of the training set. Therefore, the performance on
this dataset is expected to be less appealing than that on our
synthetic data. As anticipated, although most of the ran-
dom patterns are removed and restored, more artifacts can
be observed on this dataset. However, our trained network
can well restore the background areas in most cases. This
is crucial for increasing the detection rate of the corrupted
ID photos and will in turn improve the verification perfor-
mance. We will see more concrete results in the next sub-
section where the FVBIL task is considered. By expanding
the diversity in patterns and distributions of the corrupted
pixels of the training data, we would be able to further boost
the performance on unseen data.

5.4. Verification Results

Due to the heterogeneous sources and different captur-
ing conditions of ID photos and life photos, they exhibit
large variations in poses, illumination conditions and facial
expressions. These variations have made the FVBIL task
one of the most challenging face recognition tasks. When
we conduct full comparison on the ’SYN500’ dataset with
clean ID photo/life photo pairs, the TPR@FPR=1% (true
positive rate when false positive rate is %1) is about 91.2%.
But when we corrupt the ID photos with random wavy lines
using our approach, the performance deteriorates severely
and drops to 49.0%. This phenomenon has illustrated the

Table 2. Evaluation of the FVBIL task on unseen data.
TPR@FPR=1% TPR@FPR=0.1% TPR@FPR=0.01%

MtsNet 68.67 46.67 27.33

MtNet 68.00 47.67 27.33

TrivialNet 67.67 42.00 26.67
ResidualNet 65.67 45.00 23.33

Corrupted 34.00 20.00 9.30

significance of our research on blind face inpainting.
Since the ultimate goal of blind face inpainting is to im-

prove the verification performance, we will use all the com-
pared ConvNets (trained after 1000K iterations) to inpaint
the corrupted ID photos and conduct FVBIL task with the
processed images. We report the verification performance
in Table 1. All the compared methods can significantly im-
prove the verification performance, among which our pro-
posed MtsNet and MtNet performs the best. We also cal-
culate the PSNR on this dataset and report them in the last
column of Table 1. It is clear that there is a positive correla-
tion between the PSNR and the verification performance.

It is also noted that although the verification performance
has been significantly improved by blind face inpainiting
algorithms, there is still much room for improvement com-
pared with the performance on clean photos. One possi-
ble approach to this is to finetune the ConvNet for feature
extraction with the processed corrupted photos (by our pro-
posed MtsNet, for instance), making it robust to subtle noise
on the processed images. Another angle for dealing with
this is to refine the detection [13] and alignment perfor-
mance with the inpainted face photos.

As done in the last subsection, we also conduct FVBIL
experiment on the unseen data ’US300’ and report the re-
sults in Tabel 2. Even though the inpainting results is not as
promising as that on our synthetic data, it is not surprising
to see that our blind face inpainting approach can still sig-
nificantly improve the verification performance. As men-
tioned above, our proposed methods remove most of the
imposed patterns in the background areas, which is crucial
to increase the face detection rate and finally improve the
verification performance. The performance on unseen data
can reflect the generalization ability of different models to a
certain degree. Judging from the verification performance,
we can see the multi-task based ConvNets generalize better
than those two single task models. However, contrary to the
results on synthetic data, ResidualNet seems to generalize
worse than the TrivialNet on the unseen data.

6. Conclusion

In this work, to improve the face verification accuracy
between the ID photo and life photo, we study the problem
of blind face inpainting. Specifically, we have proposed
a multi-task ConvNet with skip connection to inpaint the
randomly corrupted ID photos. As indicated by both the
inpainting performance and verification accuracy, our pro-



posed method has great advantages over its single task al-
ternatives. However, the results on unseen data is not as
promising as that on our synthetic data due to the difference
in data distribution. This can be alleviated by generating
more statistically similar training data and also remains to
be an interesting problem for future work.

Although applied to blind face inpainting problem in this
work, our proposed method is readily generalized to other
blind and non-blind inpainting problems. To develop algo-
rithms that specifically cater to blind face inpainting in the
future, we will try to incorporate semantic information and
take the facial structures into consideration.
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