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Figure 1: Visual comparison between our method and VCNet [42] (the state-of-the-art method for blind image inpainting)
on four tasks: blind image inpainting (graffiti corruption) (up left), blind image inpainting (real-image-patch corruption)
(up right), watermark removal (bottom left) and shadow removal (bottom right). The groundtruth mask and the predicted
masks by different methods are presented.

Abstract
Effective image restoration with large-size corruptions,

such as blind image inpainting, entails precise detection of
corruption region masks which remains extremely challeng-
ing due to diverse shapes and patterns of corruptions. In
this work, we present a novel method for automatic corrup-
tion detection, which allows for blind corruption restoration
without known corruption masks. Specifically, we develop a
hierarchical contrastive learning framework to detect cor-
rupted regions by capturing the intrinsic semantic distinc-
tions between corrupted and uncorrupted regions. In par-
ticular, our model detects the corrupted mask in a coarse-
to-fine manner by first predicting a coarse mask by con-
trastive learning in low-resolution feature space and then
refines the uncertain area of the mask by high-resolution
contrastive learning. A specialized hierarchical interaction
mechanism is designed to facilitate the knowledge prop-
agation of contrastive learning in different scales, boost-
ing the modeling performance substantially. The detected
multi-scale corruption masks are then leveraged to guide
the corruption restoration. Detecting corrupted regions
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by learning the contrastive distinctions rather than the se-
mantic patterns of corruptions, our model has well gener-
alization ability across different corruption patterns. Ex-
tensive experiments demonstrate following merits of our
model: 1) the superior performance over other methods
on both corruption detection and various image restora-
tion tasks including blind inpainting and watermark re-
moval, and 2) strong generalization across different cor-
ruption patterns such as graffiti, random noise or other im-
age content. Codes and trained weights are available at
https://github.com/xyfJASON/HCL.

1. Introduction
An essential yet challenging step for image restoration

with large-size corruptions, such as blind image inpaint-
ing, watermark removal or shadow removal, is to detect
the corruption region masks in pixel level precisely. The
difficulties lie in the diverse shapes and appearance of cor-
ruptions, which can be hardly modeled in a uniform pat-
tern. As a result, blind image inpainting remains a challeng-
ing task although image inpainting with known corruption
masks [27, 11, 13, 32] has achieved remarkable progress.

A straightforward way for corruption detection is to for-
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mulate it as a segmentation task and predict the corruption
mask by pixel-wise binary classification. A prominent ex-
ample following such modeling paradigm is VCNet [42],
a state-of-the-art method for blind image inpainting, which
regards corruptions as target objects and learns to recognize
the semantic patterns of corruptions for detection. While
VCNet can successfully detect the corruptions with uniform
patterns, it has two potential limitations. First, the corrup-
tion may exhibit diverse patterns due to its potentially irreg-
ular appearance nature, which VCNet can hardly deal with.
Second, it is challenging for VCNet to handle the corrup-
tion patterns that are distinct from those appearing in train-
ing data, thus it has limited generalization w.r.t. different
corruption patterns.

In this work, we propose a novel model for image corrup-
tion detection to circumvent the aforementioned limitations
of VCNet. Instead of recognizing the semantic patterns of
corruptions as VCNet does, we apply metric learning to
learn an embedding space in which our model can capture
the contrastive semantic distinctions between the corrupted
and uncorrupted regions. To this end, we design a hierarchi-
cal contrastive learning framework for detecting corrupted
regions, which predicts the corruption mask in a coarse-to-
fine manner. To be specific, it first predicts a coarse mask
by lightweight contrastive learning in a low-resolution fea-
ture space. Then it refines the uncertain pixels with low
confidence in the predicted mask by high-resolution con-
trastive learning based on fine-grained features. Note that
only a small fraction of predicted masks need to be refined,
thus the refining process can be performed quite efficiently.
To facilitate the knowledge propagation and consistency of
contrastive learning between different scales, we propose a
specialized hierarchical interaction mechanism. As a result,
the high-resolution contrastive learning can inherit useful
knowledge from the low-resolution contrastive learning to
achieve precise prediction of corruption masks quite effi-
ciently. The detected multi-scale corruption masks are fur-
ther used to guide the restoration of the corrupted regions,
which also follows a coarse-to-fine generative process.

Unlike VCNet recognizing the semantic patterns of cor-
ruptions, our model focuses on capturing the contrastive se-
mantic distinctions between corrupted and uncorrupted re-
gions. Thus our model has well generalization ability across
different corruption patterns, As shown in Figure 1. To con-
clude, we make following contributions.

• We design a hierarchical contrastive learning framework
to detect multi-scale corruption masks by learning the
contrastive semantic distinctions between corrupted and
uncorrupted regions.

• Integrating the proposed hierarchical contrastive learn-
ing module, we develop a general-purpose blind image
restoration model to perform high-quality image restora-
tion without known corruption masks.

• Extensive experiments validate the effectiveness of our
model both quantitatively and qualitatively in three as-
pects: 1) superior performance on corruption detection
(Section 4.2), 2) favorable performance compared to the
specialized methods on two challenging image restoration
tasks including blind image inpainting and watermark re-
moval (Section 4.3), and 3) strong generalizability across
different corruption patterns (Section 4.2 and 4.3.1).

2. Related Work

Image Restoration with known Corruption masks. Im-
age restoration with given corruption masks assumes that
the corrupted regions are known, and conventional meth-
ods [2, 12, 5] leverage uncorrupted content to restore the
corrupted regions by pixel diffusion or patch replacement.
However, these methods usually generate significant arti-
facts in the restored image due to the lack of global seman-
tic understanding and generalization ability. With the great
success of convolutional neural networks(CNNs) in com-
puter vision, recent methods leverage an encoder-decoder
framework to restore corrupted images. A typical way of
CNN-based methods [29, 44, 26, 27] employs known uncor-
rupted regions to infer corrupted content from the outside to
the inside. To synthesize reasonable semantics, some meth-
ods [31, 35, 20, 30, 16, 28] leverage structure information to
improve the quality of semantic structures in the corrupted
regions. Promoted by generative models [14, 25], some re-
cent methods [11, 32, 47] attempt to learn generative prior
for improving the quality of synthesized images, and gener-
ating diverse content for corrupted regions.
Image corruption detection. Early methods [3, 33] for im-
age corruption detection assume the corrupted content fol-
lows a simple distribution, such as constant values, Gaus-
sian noise, etc. However, previous assumption simplifies
the detection of corrupted regions, limiting the applica-
tion scope of image corruption detection. Recently, Wang
et al. [42] relax the definition of image corruption detec-
tion by increasing the diversity of corruption types, includ-
ing watermarking, raindrop, or even random images. They
also propose a two-stage framework VCNet for blind image
restoration, which first locates corrupted regions in a man-
ner of image segmentation and then fills in content follow-
ing the typical encoder-decoder based methods for image
restoration. However, it sometimes misuses content in cor-
rupted regions while reconstructing the complete image due
to the challenge of detecting diverse patterns of corruption.
Contrastive learning. Contrastive learning has been
widely used in self-supervised representation learning [10,
17, 4]. Instead of matching an input image to a fixed target,
contrastive learning maximizes mutual information in the
representation space, keeping the query close to the positive
sample and away from the negative sample. Previous works
[17, 4, 41] have validated the effectiveness of contrastive
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Figure 2: Architecture of our method. It leverages the designed Hierarchical Contrastive Learning to detect corruption masks
and further synthesizes reasonable content for corrupted regions by the developed Transformer-based Restoration module.

learning in high-level vision tasks, due to the inherent suit-
ability for modeling feature contrasts. Recently, some re-
searchers [40, 43] have attempted to introduce contrastive
learning into low-level vision tasks. However, pixel-wise
contrastive learning on high-resolution images suffers from
large computational cost and limited performance. In this
paper, we design a hierarchical contrastive learning mech-
anism to solve above problems and significantly strengthen
the performance of image corruption detection.

3. Approach
Detecting image corruptions by recognizing the seman-

tic patterns of corruptions is difficult in that the corruptions
can potentially exhibit diverse patterns. Our proposed hi-
erarchical contrastive learning framework learns the con-
trastive semantic distinctions between corrupted and uncor-
rupted regions, and detects corruption masks in a coarse-to-
fine manner. The obtained multi-scale corruption masks are
then leveraged to guide the restoration of the corruptions in
a coarse-to-fine generative process.

3.1. Overview
Problem formulation. Given an input image I ∈
RC×H×W which is corrupted from an intact groundtruth
image Ogt ∈ RC×H×W , the task of blind image restora-
tion aims to first detect the corruption region mask M ∈
R1×H×W and then reconstruct a complete image Ô ∈
RC×H×W by synthesizing realistic content Ĉ for the cor-
rupted regions:

I = Ogt ⊙ M + N ⊙ (1− M),

Ô = Ogt ⊙ M + Ĉ ⊙ (1− M).
(1)

Herein, M ∈ R1×H×W is a binary map where the values of

corrupted regions are 0 and uncorrupted regions are filled
with 1. N ∈ RC×H×W is the noisy content in the corrupted
regions. Precise detection of the corruption mask M is cru-
cial to the performance of image restoration.

As shown in Figure 2, our model follows the encoder-
decoder framework and consists of two core modules: Hi-
erarchical Contrastive Learning module for detecting cor-
ruption masks and Transformer-based Restoration module
for corruption restoration. The corrupted image is first en-
coded into multi-scale feature maps by Encoder Fenc of
Transformer-based Synthesis module. Then the proposed
Hierarchical Contrastive Learning module is employed to
perform corruption detection in a coarse-to-fine manner
from these feature maps, and predicts multi-scale corrup-
tion masks. Finally, the obtained masks are fed into De-
coder FDec of the Transformer-based Synthesis module for
restoration, which is also in a coarse-to-fine generative pro-
cess. Both Encoder Fenc and Decoder Fdec are mainly com-
posed of basic transformer blocks of MAT [39], while they
are equipped with additional down-sampling layers and up-
sampling layers respectively. We employ a shallow convo-
lutional layer with 5×5 kernel before Encoder and after De-
coder to perform basic feature transformation. Besides, we
also employ another Conv-U-Net to refine high-frequency
details of output results, leaning upon the local texture re-
finement capability and efficiency of CNNs.
3.2. Corruption Detection by Hierarchical Con-

trastive Learning
We design Hierarchical Contrastive Learning framework

to guide the learning of multi-scale semantic embedding
spaces of Encoder Fenc in such a way that the semantic dis-
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tances between two arbitrary pixels both within uncorrupted
or corrupted regions (intra-region distance) should be mini-
mized while the distance between a corrupted pixel and an
uncorrupted pixel (inter-region distance) should be maxi-
mized. As a result, our model can capture the intrinsic se-
mantic distinctions between corrupted and uncorrupted re-
gions. Then our model performs clustering on all pixels
in this learned embedding space to separate them into two
clusters, corresponding to the corrupted and uncorrupted re-
gions, and thus achieves the corruption mask.

As shown in Figure 2, Encoder Fenc consists of three
encoding stages and produces three scales of encoded fea-
ture maps. Accordingly, Our model performs three stages of
pixel-level contrastive learning for the corresponding scale
of feature maps to guide the learning of its embedding
space. We will first describe how our model performs cor-
ruption detection in one stage with single-scale contrastive
learning. Then we will elaborate on the proposed Hierarchi-
cal Interaction Mechanism which enables our model to per-
form hierarchical contrastive learning quite efficiently for
coarse-to-fine multi-scale mask detection.

3.2.1 Single-Scale Contrastive Learning

Supervised Contrastive Learning. During each stage of
contrastive learning, we construct positive pixel pairs by
using intra-region pixels, i.e., both pixels are from either
the uncorrupted region or the corrupted region. In contrast,
each negative training pair consists of two inter-region pix-
els, one from the corrupted region and the other from the
uncorrupted region. To be specific, for a query pixel q from
a randomly selected query set Q, we construct the positive
set P by randomly selecting pixels from the same region
as q and construct the negative set N from the opposite re-
gion. Then we apply Circle loss [38] to maximize the cosine
similarity of positive pairs while minimizing the similarities
of negative pairs. Formally, the contrastive learning in the
stage Ss is guided by the loss:

Ls
CL=

∑
q∈Qlog

[
1 +

∑
p∈P

exp(−eq ·ep/τ)·
∑
n∈N

exp(eq ·en/τ)

]
, (2)

where τ is a scale factor. eq is the features for pixel q pro-
jected from the corresponding embedding space of Encoder
Fs

enc by a projection head in Stage-s:

eq = Fs
proj(Fs

enc(Iq)), (3)

where the projection head Fproj comprises two fully con-
nected layers and a GELU [18] layer in-between for non-
linear transformation.
Corruption Mask Detection. Under the supervision of
contrastive learning in Equation 2, the pixels within the
same region, either the corrupted or the uncorrupted re-
gions, tend to have similar representations in each scale of
embedding space of Encoder Fenc while the pixels from dif-
ferent regions would have dissimilar representations. Thus,

(b) Hierarchical Interaction Mechanism(a) Single Contrastive Learning Stage

Uncertain samples Representative samples
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Figure 3: In the stages S2 and S3, both the selected rep-
resentative samples and uncertain samples in the previous
stage are used for contrastive learning in current stage while
only the mask labels of uncertain samples are refined during
mask detection.

we can perform clustering to separate them into two clus-
ters. Specifically, our model adopts K-means algorithm for
clustering, and the clustering in Stage-s is performed by:

[cs1, c
s
2], [M

s
1,M

s
2] = K-means(Fs

proj(Fs
enc(I))), (4)

where [cs1, c
s
2] denotes the embeddings of two produced

cluster centers and [Ms
1,M

s
2] are the associated binary

masks. To identify which cluster corresponds to the cor-
rupted or uncorrupted regions, we train a lightweight bi-
nary classifier consisting of two fully connected layers with
a ReLU layer, and use it to perform classification on two
cluster centers. Thus, the associated mask for the cluster of
the corrupted region is the predicted corruption mask.

3.2.2 Hierarchical Interaction Mechanism
Our model performs Hierarchical Contrastive Learning in-
cluding three stages to detect the corruption mask in a
coarse-to-fine manner. It first performs contrastive learning
in the lowest-resolution stage (S1) to predict a coarse mask
for corruption. Then it refines the uncertain pixels of the
mask with low confidence by higher-resolution contrastive
learning in subsequent stages (S2 and S3). We propose Hi-
erarchical Interaction Mechanism to facilitate the interac-
tion and knowledge propagation between different stages of
contrastive learning and guarantee the semantic consistency
between them. In particular, higher-resolution contrastive
learning can inherit useful knowledge from previous stages
of contrastive learning, which can improve the learning per-
formance substantially. Quadtree structure are used to build
the positional correspondence between feature maps in ad-
jacent stages considering that the resolution of feature maps
is always scaled by four times between adjacent stages.
Selecting High-Quality Training Samples. During the
contrastive learning in S1, we construct the query set Q
as well as the associated positive set P and negative set N
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in Equation 2 by randomly selecting pixels from the whole
feature map. To improve the efficiency of contrastive learn-
ing in the higher stages (S2 and S3), we select a small frac-
tion of pixels from the entire feature maps, which are crucial
for contrastive learning, as the high-quality candidate set for
constructing Q, P and N .

To be specific, we first measure the prediction confidence
of each pixel based on the clustering results of last stage.
The prediction confidence of the pixel q in the stage Ss is
calculated by:

zsq =
exp(−(eq · csyq

/τ))∑2
i=1 exp(−(eq · csi/τ))

, (5)

where yq denotes the cluster index q belongs to and τ is
the scaling factor. Then we pick out two types of pixels as
the high-quality query set for the stage Ss+1: 1) the pixels
with high confidence which are regarded as representatives
of two clusters and are typically close to the cluster cen-
ters; 2) the uncertain pixels with low confidence which are
mostly near the boundaries between the corrupted and un-
corrupted regions. Selecting pixels in such a way for con-
structing the positive and negative training pairs, our model
is able to perform high-resolution contrastive learning in the
stages S2 and S3 quite efficiently and effectively.
Inter-Stage Semantic Consistency. To guarantee the se-
mantic consistency between different stages of contrastive
learning, we reuse the learned features of the previous stage
of contrastive learning in current stage. As shown in Fig-
ure 3, we concatenate the features in the previous stage with
the features in the current stage, which are then fed into the
projection head to produce input features for current stage.
Accordingly, Equation 3 for high-resolution stages (S2 and
S3) evolves into the following form:

eq = Fs
proj(Concat(Fs

enc(Iq),Fs
map(Fs−1

enc (Iq)))), (6)
where the mapping function Fs

map is a linear transforma-
tion to regulate the feature dimension of previous stage and
balance the effect between current and previous features.
Besides the semantic consistency between adjacent stages,
another merit of such feature reusing is that our model is
able to inherit the learned semantics from previous stage.
Refining the Mask Prediction of Uncertain Pixels. Dur-
ing the high-resolution contrastive learning in the stages S2

and S3, we only refine the mask prediction by re-predicting
the labels of uncertain pixels with low confidence in the pre-
vious stage, i.e., the type-2 samples of selected high-quality
query set. The mask labels of other pixels with high confi-
dence are directly inherited from the predictions in the pre-
vious stage according to the built quadtree, assuming that
the predictions of these pixels are reliable. Thus, such re-
fining process can be performed quite efficiently.

3.3. Transformer-based Restoration Module

As shown in Figure 2, the detected corruption masks
are fed into Decoder of the Transformer-based Restoration

module for corruption restoration, which consists of the de-
signed mask-guided transformer block.
Mask-guided transformer block. As illustrated in Fig-
ure 2, our transformer block contains a multi-head contex-
tual attention (MCA) module, followed by a two-layer MLP
with GELU nonlinearity in between. Besides, a layer nor-
malization (LN) [1] layer is applied before each attention
and each MLP, and a residual learning connection is em-
ployed after each module:

F ′s
i = MCA(LN(F s

i−1),Ms) + F s
i−1,

F s
i = MLP(LN(F ′s

i )) + F ′s
i ,

(7)

where F s
i is the output features of the i-th block in the stage

Ss. To fully exploit the predicted masks by hierarchical
contrastive learning, we employ the multi-head contextual
attention module proposed in MAT [27], which follows the
shifted window manner [34] and is formulated as:

Att(Q,K,V) = Softmax(
QKT + M̂s

√
dk

)V, (8)

where Q,K,V are the query, key, and value matrices, re-
spectively.

√
dk is the scaling factor. M̂ is defined by

M̂s
i = γ(Ms

i − 1), (9)

where γ is a large positive integer to reduce the values of
corrupted pixels.

3.4. Joint Optimization for Parameter Learning

The proposed Hierarchical Contrastive Learning mod-
ule and the Restoration module are integrated in a holistic
way based on the encoding-decoding framework, forming
a general-purpose blind image restoration model, as illus-
trated in Figure 2. The whole model is optimized jointly.
Besides the loss of hierarchical contrastive learning (Equa-
tion 2), we also adopt three more supervision signals for
corruption restoration, including pixel-wise reconstruction
loss, perceptual loss, and adversarial loss.
Pixel Reconstruction Loss, which pushes the restored im-
age Ô as close as its groundtruth Ogt:

Lpixel =
∥∥∥Ô−Ogt

∥∥∥
1
. (10)

Perceptual Loss [21], which performs semantic supervi-
sion on the restored images in the deep feature space:

Lperc =

L∑
l=1

1

ClHlWl

∥∥∥f l
vgg(Ô)− f l

vgg(Ogt)
∥∥∥
1
. (11)

Herein f l
vgg(Ô) and f l

vgg(Ogt) are the extracted features
from Ô and Ogt respectively from the l-th convolution layer
of the pre-trained VGG-19 network [36].
Adversarial Loss, which employs WGAN-GP [15] to en-
courage Ô to be as realistic as its groundtruth Ogt:

Ladv = −EÔ∽PÔ

[
D(Ô)

]
, (12)

where D is a discriminator. Overall, the whole model is
optimized by:
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Figure 4: Visualization of detected masks and reconstructed images on four randomly selected samples from test set.

L = λ1Lpixel + λ2Lperc + λ3

3∑
s=1

Ls
CL + λ4Ladv, (13)

where λ1, λ2, λ3, and λ4 are hyper-parameters to balance
between different losses.

We integrate the Contrastive Learning module between
Encoder and Decoder with consistent coarse-to-fine refin-
ing stages for all three modules, which potentially enables
synchronized optimization of three modules in each scale.

4. Experiments
We first evaluate the performance of our method on im-

age corruption detection, then validates the effectiveness of
our method on two challenging image restoration tasks in-
cluding blind image inpainting and watermark removal. Fi-
nally, we conduct extensive ablation study to obtain more
insights into our method.

4.1. Experimental Settings

Following the previous work [42] for blind image in-
painting, we make two pre-processing operations for data
generation: 1) we randomly select natural images from
large-scale datasets rather than simple constant values or
Gaussian noise as the noisy content for corruptions to in-
crease the difficulty of mask detection in blind image in-
painting; 2) we smooth the mask boundaries using alpha
blending to avoid distinct boundaries between the corrupted
and uncorrupted regions.

Four large-scale datasets are used in our experiments, in-
cluding FFHQ (faces) [23], CelebA-HQ (faces) [22], Im-
ageNet (objects) [9], and Places (scenes) [48]. For each
dataset, images from different datasets are randomly se-
lected as the noise content for corruptions. For instance, the
images from CelebA-HQ and ImageNet are used as noise
content for FFHQ. We employ the method [29] to gener-
ate irregular masks with mask shapes and corruption ratios.
We perform experiments on two resolutions of images for
comprehensive evaluation: 256×256 and 512×512.

Adam [24] is used as the optimizer by setting β1, β2,
initial learning rate and batch size to be 0.9, 0.999, 0.0001,
and 4, respectively. More experimental details are provided
in the supplementary material.

Table 1: Performance comparison for mask detection on
three benchmark datasets.

Dataset FFHQ [23] ImageNet [9] Places [48]

Mask ratio (%) 0-30 30-60 0-30 30-60 0-30 30-60

Acc ↑ VCNet 0.948 0.943 0.972 0.978 0.974 0.976
Ours 0.978 0.976 0.982 0.983 0.984 0.985

F1 ↑ VCNet 0.967 0.948 0.982 0.980 0.984 0.978
Ours 0.986 0.978 0.989 0.985 0.991 0.987

BCE ↓ VCNet 0.126 0.137 0.073 0.055 0.064 0.060
Ours 0.090 0.095 0.083 0.075 0.068 0.064

IoU ↑ VCNet 0.931 0.900 0.966 0.962 0.969 0.959
Ours 0.975 0.959 0.978 0.965 0.982 0.974

4.2. Image Corruption Detection
Accuracy of corruption detection. We first compare the
accuracy of corruption detection between our model and
VCNet, the state-of-the-art method for corruption detection
in blind image inpainting. Four metrics are used for com-
prehensive evaluation: binary cross entropy (BCE), classifi-
cation accuracy (Acc), F1 score, and intersection over union
(IoU). Table 1 lists the results for different corruption ratios
on three datasets in 256×256 resolution, which show that
our model achieves superior performance of mask detection
over VCNet in terms of all metrics except BCE. This is rea-
sonable because VCNet is directly supervised by the BCE
loss. Besides, we also make qualitative comparison in Fig-
ure 4, in which our model detects more precise corruption
masks and restores higher-quality images than VCNet.
Image inpainting based on detected corruption masks
by different methods. As an indirect evaluation of corrup-
tion detection, we perform image inpainting over the de-
tected corruption masks from different methods, employing
the same inpainting model MAT [27], and then compare the
inpainting performance. To have a comprehensive evalua-
tion, we also provide the inpainting performance over the
detected masks from a state-of-the-art segmentation model
Segmenter [37] and the groundtruth mask. The results on
512×512 images in Table 2 show that MAT achieves the
highest inpainting performance with the mask detected by
our method, which is consistent with the performance com-
parison of corruption detection.
Generalizability on unseen corruption patterns. To eval-
uate the generalizability of our model methods across dif-
ferent corruption patterns, we perform training and test over
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Input VCNet Ours Groundtruth
Figure 5: Visual results of blind image inpainting on
512×512 resolution images from the Places [48] dataset.

Table 2: Blind image inpainting based on detected corrup-
tion masks by different methods on 512× 512 images from
Places. MAT [27] is finetuned (MAT-F) for fair comparison.

Phase Corruption Detection Image Inpainting

Corruption Detection Image Inpainting ACC ↑ IoU ↑ PSNR ↑ SSIM ↑
Groundtruth MAT-F − − 25.34 0.852
Segmenter [37] MAT-F 0.974 0.962 23.45 0.830
VCNet [42] MAT-F 0.975 0.963 23.25 0.829
Ours MAT-F 0.980 0.970 24.53 0.844

VCNet VCNet 0.975 0.963 21.49 0.764
Ours Ours 0.980 0.970 25.28 0.846

different corruption patterns. Table 4 presents the results of
our model as well as VCNet by training them on Places
dataset while performing testing directly on unseen corrup-
tion patterns such as random/constant noise and image con-
tent from CelebA-HQ [22]. It shows that our model con-
sistently outperforms VCNet in all cases. which reveals the
better generalizability of our model over VCNet.

4.3. Downstream Image Restoration Tasks

4.3.1 Blind Image Inpainting

In the experiments of blind image inpainting, we compare
our model with VCNet and MPRNet [45], a state-of-the-
art approach for image restoration. Table 3 presents the
inpainting performance on images of 256×256 resolution.
Our method achieves the best performance in terms of all
metrics and outperforms the other two methods by a large
margin. Besides, the qualitative comparison in Figure 4
also demonstrates that our model is able to restore higher-
quality images than other two methods, benefiting from the
precise corruption detection by the proposed hierarchical
contrastive learning mechanism as well as the integrated
restoration framework. Note that we also provide the user
study in the supplementary material.
High-resolution blind image inpainting. We further con-
duct experiments on images of 512×512 resolution in
Places [48] dataset for blind image inpainting. As shown in
Table 2, our model outperforms VCNet substantially, con-
sistent with the comparison in the case of 256×256 resolu-
tion. Besides, the qualitative comparison in Figure 5 also
validates the superiority of our model. More visual results
are presented in the supplementary material.

Input VCNet Ours Groundtruth

Figure 6: Visual results of bidirectional blind image inpaint-
ing on FFHQ [23]. More results are shown in the supple-
mentary material.

Input VCNet Ours Groundtruth
C

el
eb

A-
H

Q
R

an
do

m
 C

on
st

an
t

Figure 7: Visual comparison of both corruption detection
and blind image inpainting over unseen corruptions. More
examples could be found in the supplementary material.

Table 3: Performance comparison for blind image inpaint-
ing in terms of four evaluation metrics on three benchmark
datasets.

Dataset FFHQ [23] ImageNet [9] Places [48]

Mask ratio (%) 0-20 20-40 40-60 0-20 20-40 40-60 0-20 20-40 40-60

PSNR ↑
MPRNet 33.93 26.75 22.06 33.76 26.26 21.50 33.37 25.59 21.08
VCNet 29.86 24.51 20.51 29.13 23.39 19.42 29.66 23.19 19.18
Ours 34.79 27.98 23.54 33.91 26.40 21.80 34.11 26.20 21.66

SSIM ↑
MPRNet 0.968 0.898 0.799 0.965 0.882 0.762 0.963 0.872 0.743
VCNet 0.933 0.849 0.736 0.924 0.818 0.678 0.942 0.833 0.688
Ours 0.971 0.910 0.824 0.966 0.884 0.767 0.969 0.887 0.746

FID ↓
MPRNet 3.37 12.20 29.74 3.71 17.80 53.38 4.15 17.61 44.73
VCNet 6.80 14.17 28.90 5.69 21.48 59.11 5.93 18.62 40.21
Ours 2.37 7.28 15.48 2.69 12.35 41.37 2.88 11.10 31.33

LPIPS ↓
MPRNet 0.027 0.096 0.212 0.033 0.123 0.269 0.033 0.131 0.283
VCNet 0.044 0.103 0.188 0.045 0.128 0.246 0.046 0.138 0.261
Ours 0.019 0.065 0.139 0.025 0.098 0.226 0.024 0.095 0.221

Bidirectional blind image inpainting. When real natu-
ral images are used as the noise content for corruption, we
can perform bidirectional image restoration: restore either a
complete noise image or a complete background image by
reversing the corruption mask. It is quite challenging to per-
form well in inpainting of both directions. The visual results
in Figure 6 show that our model performs more robust than
VCNet in both corruption detection and image inpainting.
Generalization on unseen corruption patterns. Using the
same experimental settings as evaluating the generalizabil-
ity for corruption detection, we also validate the generaliz-
ability of our model across unseen corruption patterns on
image inpainting. Table 5 shows the image inpainting per-
formance of both our model and VCNet on unseen corrup-
tion patterns during training. The experimental results indi-
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Table 4: Generalizability over unseen
corruptions for corruption detection.
Models are trained on Places.

Corruption pattern Random constant CelebA-HQ [22]

Mask ratio (%) 0-30 30-60 0-30 30-60

Acc ↑ VCNet 0.981 0.977 0.975 0.974
Ours 0.990 0.989 0.986 0.986

F1 ↑ VCNet 0.988 0.978 0.984 0.976
Ours 0.994 0.990 0.992 0.988

BCE ↓ VCNet 0.050 0.078 0.063 0.068
Ours 0.050 0.049 0.062 0.054

IoU ↑ VCNet 0.977 0.960 0.969 0.954
Ours 0.988 0.981 0.983 0.976

Table 5: Generalizability over unseen corrup-
tions for blind inpainting. Models are trained
on Places.

Corruption Pattern Random constant CelebA-HQ [22]

Mask ratio (%) 0-20 20-40 40-60 0-20 20-40 40-60

PSNR ↑ VCNet 30.48 24.33 19.30 29.77 23.21 18.96
Ours 37.69 29.01 23.05 34.60 26.52 21.82

SSIM ↑ VCNet 0.957 0.876 0.732 0.947 0.840 0.685
Ours 0.985 0.933 0.818 0.972 0.894 0.772

FID ↓ VCNet 6.41 16.84 42.54 5.47 17.75 41.19
Ours 1.80 7.45 24.48 2.65 10.50 30.42

LPIPS ↓ VCNet 0.051 0.131 0.268 0.041 0.128 0.256
Ours 0.013 0.063 0.182 0.021 0.089 0.214

Table 6: Ablation study on hierar-
chical interaction mechanism.

Mask ratio (%) 0-30 30-60

Acc ↑
w/o inter-stage consistency 0.969 0.965
w/o sample selection 0.975 0.974
Complete model 0.978 0.976

F1 ↑
w/o inter-stage consistency 0.980 0.969
w/o sample selection 0.984 0.976
Complete model 0.986 0.978

BCE ↓
w/o inter-stage consistency 0.102 0.115
w/o sample selection 0.094 0.101
Complete model 0.090 0.095

IoU ↑
w/o inter-stage consistency 0.962 0.940
w/o sample selection 0.972 0.957
Complete model 0.975 0.959

(a) F1-score on ImageNet (b) IoU on ImageNet

Figure 8: Hierarchical vs single-stage contrastive learning.

Table 7: Performance evaluation on watermark removal.
Metrics PSNR↑ SSIM↑ FID↓
SIRF [46] 34.63 0.978 0.071
BS2AM [6] 34.88 0.979 0.028
DHAN [8] 37.67 0.986 0.062
BVMR [19] 38.28 0.985 0.018
Split then Refine [7] 41.27 0.991 0.011
VCNet [42] 32.66 0.963 0.032
Ours 41.88 0.992 0.007

cate that our model performs much better than VCNet. Fur-
thermore, the qualitative comparison in Figure 7 also vali-
dates such better generalizability of our model over VCNet
on both corruption detection and image inpainting.
4.3.2 Image Watermark Removal
In this set of experiments, we further evaluate the perfor-
mance of our model on LOGO-30K dataset [7] for water-
mark removal. The comparison in Table 7 shows that our
model performs best in terms of all metrics and compares
favorably with other specialized methods for watermark re-
moval, which demonstrates the robustness of our model
across different image restoration tasks. Moreover, the vi-
sual results in Figure 9 also validate the superiority of our
model over other methods in watermark removal.

4.4. Ablation Study

Effect of hierarchical contrastive learning. To investigate
the effectiveness of the proposed hierarchical contrastive
learning framework, we compare its performance with that
of single-stage contrastive learning. The results in Figure 8
demonstrate the distinct advantage of the proposed hierar-
chical contrastive learning framework.
Effect of hierarchical interaction mechanism. We further
conduct experiments to investigate the effect of hierarchi-

Input VCNet Split then Refine Ours Groundtruth

Figure 9: Visual comparison with the state-of-the-art model
Split then Refine [7] and VCNet for watermark removal.

cal interaction mechanism, especially the proposed ‘inter-
stage semantic consistency’ and ‘high-quality sample selec-
tion strategy’. Table 6 presents the concrete experimental
results. While both techniques can boost the performance,
‘inter-stage semantic consistency’ is more crucial to the per-
formance due to its essential merit: semantic propagation
between stages by feature reusing.

5. Conclusion
In this work, we have designed a novel method, namely

hierarchical contrastive learning framework, which can
automatically detect corruption masks in pixel level and
thus allows for blind image corruption restoration without
known corruption masks. Extensive quantitative and qual-
itative comparisons have demonstrated the superior perfor-
mance of our method over other methods for various cor-
ruption restoration tasks and its well generalization ability
across different corruption patterns.
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