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Abstract: Face Parsing aims to partition the face into different semantic parts, which can be applied
into many downstream tasks, e.g., face mask up, face swapping, and face animation. With the
popularity of cameras, it is easier to acquire facial images. However, pixel-wise manually labeling is
time-consuming and labor-intensive, which motivates us to explore the unlabeled data. In this paper,
we present a self-supervised learning method attempting to make full use of the unlabeled facial
images for face parsing. In particular, we randomly mask some patches in the central area of facial
images, and the model is required to reconstruct the masked patches. This self-supervised pretraining
is capable of making the model capture facial feature representations through these unlabeled data.
After self-supervised pretraining, the model is fine-tuned on a few labeled data for the face parsing
task. Experimental results show that the model achieves better performance for face parsing assisted
by the self-supervised pretraining, which greatly decreases the labeling cost. Our approach achieves
74.41 mloU on the LaPa test set fine-tuned on only 0.2% of the labeled data of the whole training
data, surpassing the model that is directly trained by a large margin of +5.02 mloU. In addition, our
approach achieves a new state-of-the-art on the LaPa and CelebAMask-HQ test set.

Keywords: face parsing; semantic segmentation; self-supervised learning

MSC: 68U10

1. Introduction

Face parsing, aiming to partition the face into different semantic parts, belongs to a fine-
grained semantic segmentation task. It has been widely used in various downstream tasks,
e.g., face recognition [1,2], face mask up [3], face swapping [4,5] and face animation [6-8].
With the rapid development of cameras, face parsing has drawn increasing attention.

In earlier years, some traditional machine learning methods were used to capture the
facial structure. Conditional Random Field (CRF) combined with Restricted Boltzmann
Machine (RBM) was applied to build the local and global feature representation [9]. Re-
cently, models based on the Fully Convolutional Networks (FCNs) [10] have made great
progress in this area. These methods can be roughly divided into two categories based on
whether they predict the facial bounding box first. With the localization of facial bounding
box, some approaches [11-14] can directly parse on facial region in an image. Instead of
predicting a facial bounding box, the other approaches [15-19] parse the whole facial image
directly, which solves face parsing by regarding it as a specific semantic segmentation
task. Recently, some approaches capture the graph representation for face parsing. Edge
Aware Graph Reasoning Network (EAGRNet) [18] and Adaptive Graph Representation
Network (AGRNet) [20] are the region-wise (facial appearance, pose, expression, etc.) and
component-wise (eyes, mouth, nose, etc.) relations by learning graph representations.

However, most of the literature focuses on building model architectures for face
parsing [11,17,21]. In fact, images and annotations are also significant for face parsing [17].
With the popularity of cameras in electronic commerce, it is quite easy to acquire facial
images. Conversely, pixel-wise labeling on these facial images is time-consuming and

Mathematics 2022, 10, 2002. https:/ /doi.org/10.3390/math10122002

https://www.mdpi.com/journal /mathematics


https://doi.org/10.3390/math10122002
https://doi.org/10.3390/math10122002
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0003-0336-9295
https://doi.org/10.3390/math10122002
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com/article/10.3390/math10122002?type=check_update&version=1

Mathematics 2022, 10, 2002

20f13

labor-intensive. A natural question arises: how can we make full use of the unlabeled data
to improve the model’s accuracy?

Self-supervised representation learning aims to learn semantically meaningful features
from data without the requirement of large-scale labels. It is a form of unsupervised
learning [22,23]. As a promising alternative, it has drawn massive attention for its data
efficiency and generalization ability. Many approaches have been proposed based on this
paradigm, which can be divided into three categories: context-based methods, temporal-
based methods and contrast-based methods. Masked self-supervised learning is a kind
of context-based method. Vincent et al. [24] proposed to generate masks as noise to assist
the model to learn useful representations. Doersch et al. [25] divide images into patches,
and the algorithms receive random two patches to guess the position of one patch relative
to the other. Zhang et al. [26] trained a Convolutional Neural Network (CNN) to map
from a grayscale input to a distribution over quantized color value outputs. All of this
context-based self-supervised learning provides a good way to train the encoders, and they
can be well used in image classification with transfer learning. However, decoders in the
Encoder-Decoder models can not be pretrained just like the encoder. They also cannot
be applied well to the fine-grained task of face parsing where the class distribution is
extremely unbalanced.

In this paper, we propose a new framework for face parsing, which attempts to make
full use of unlabeled facial images. The framework consists of two stages: pretraining and
fine-tuning. In the pretraining stage, images are masked randomly in the center area and
then fed into the model to reconstruct the masked images. No labels are needed for this
stage of pretraining; therefore, all images can be used. The pretrained model is expected
to capture the facial feature representation. In the next stage, the pretrained model can
be fine-tuned on the labeled data for the face parsing task. Compared with the directly
supervised learning method without the self-supervised pretraining, the proposed method
achieves much better performance. In addition, experimental results show that our method
achieves the new state-of-the-art performance on the LaPa and CelebAMask-HQ test set.
The major contributions of this paper are summarized as follows: (1) We design a novel
framework for face parsing, which consists of pretraining and fine-tuning stages. In the
pretraining, the model is trained on the unlabeled data and then fine-tuned on the labeled
data for the face parsing task. (2) We propose a masked self-supervised learning method
to pretrain the model, which is expected to reconstruct the masked images to acquire the
facial feature representation. (3) Extensive experiments are conducted on two challenging
benchmarks to show the significant performance improvement of the proposed approach
compared with the state-of-the-art methods.

This paper is organized as follows. Section 2 discusses the concept of face parsing and
self-supervised learning. Section 3 describes the proposed framework in detail, especially
how the masked self-supervised learning works and the network architecture used in our
method. In Section 4, we give the detailed experiment settings and compared them with
the state-of-the-art algorithms. The experiment results are evaluated and discussed. Finally,
Section 5 summarizes the conclusions of this paper.

2. Related Work
2.1. Face Parsing

In the earlier years, face parsing has been actively investigated. Some traditional
machine learning approaches for face parsing were proposed. Different from building the
local and global feature representation [9] by CRF and RBM, Gaussian Radial Basis Function
(RBF) [27] combined with hand-crafted features were used to model facial regions. With
the development of deep Convolutional Neural Networks, FCNs were proposed in [10] for
semantic segmentation. As for the face parsing, Liu [11] decomposed a unified network
into a two-stage model which performed well on small facial components. STN-iCNN [13]
extended the Interlinked Convolutional Neural Networks (iCNN) [14] by adding the Spa-
tial Transformer Networks (STN) [28] between two isolated stages, making the end-to-end
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joint training be possible. Recently, most of methods focus on face parsing by parsing image
directly [15-19]. Luo et al. [19] proposed an effective and efficient hierarchical aggregation
network called EHANet, which included a stage contextual attention mechanism and a
semantic gap compensation block to build higher-level contextual information and hierar-
chical information. EHANet and the Boundary-Attention Semantic Segmentation (BASS)
method [17] also fully exploited the boundary information. In addition to the CNN models,
EAGRNet [18] explored the region-wise relations by learning graph representations, where
the edge cues were also used to project significant pixels onto graph vertices on a higher
semantic level. AGRNet [20] designed an adaptive and differentiable graph abstraction
method to represent facial components; with the refined vertex features, accurate face
parsing is required.

2.2. Self-Supervised Learning

Self-supervised learning acquires features from the data itself without any manual
labels. As a promising alternative, it has drawn massive attention for its data efficiency and
generalization ability. Generally, it can be divided into three categories: context-based meth-
ods [24,25,29-31], temporal based methods [32-35] and contrast based methods [36—40].
Context-based methods learn from the sample contextual information itself. Temporal-
based methods build feature representations by taking advantage of time constraints, which
can be applied to videos. Contrast-based methods are carried out based on contrast con-
straints, which build representations by learning to encode the similarity or dissimilarity
of two things. Based on the contextual information of the data itself, many tasks can be
constructed. For example, given an image with a missing region, Context Encoder [29]
was trained to predict the missing pixel values. With the input of gray images, a CNN
model [26] is required to output the distribution over quantized color values. Masked
self-supervised learning is also a kind of context-based method which has attracted many
researchers. Noroozi et al. [41] divide images into patches just like [25] and proposed to
learn image representations by solving jigsaw puzzles. Vincent et al. [24] proposed to
generate masks as noise to assist the model in learning valuable representations. Vision
Transformer (ViT) [31] also explored masked patch prediction for self-supervised learning.

3. Approach

In this section, we will describe our approach toward masked self-supervised pretrain-
ing for face parsing.

3.1. Overall Framework

The overall framework of our approach is shown in Figure 1. In Step 1, the neural
network is pretrained on the masked images, which is expected to reconstruct the input
images without the requirement of parsing labels. In the second step, the neural network is
fine-tuned on a certain number of images with parsing labels.

3.1.1. Self-Supervised Pretraining

We explore a new masked self-supervised learning method to learn meaningful se-
mantic features from the unlabeled images for pretraining the neural network. In particular,
we mask some regions of the images and use a CNN network to reconstruct the masked
images. For images with the size of 512 x 512, the size of the masked patch ranged from
32 pixels to 64 pixels. A certain number of patches (128 in this paper) are masked. For
facial images in datasets, the target face is usually located in the central area of the image.
To focus on acquiring the facial feature representation, only patches from the central area are
masked. The reconstruction loss is computed on the central area. In this paper, we define
two-thirds of the whole image as the central area. We use the UNet++ [42] architecture as
the encoder and a simple R Decoder with only one convolution layer to reconstruct the
masked image. The encoder extracts n x H x W features from the masked input with the
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N

Step 2: Finetune

size of 3 x H x W and feeds them into R Decoder, which reconstructs a 3 x H x W image.
The overall framework is shown in Figure 1a.

R
Encoder :> Beeeilar

Encoder

Figure 1. The overall framework of our approach. We build our encoder followed the UNet++ and
share the same in two stages. (a) Step 1: Masked self-supervised pretraining. (b) Step 2: Fine-tune
models on the target dataset.

3.1.2. Fine-Tune

After the self-supervised pretraining, the encoder is capable of acquiring facial feature
representation. In the fine-tuning stage, we share the same encoder, which is pretrained
in the self-supervised learning stage and has the power to learn the facial semantic fea-
tures. Appended to the encoder, we design a decoder named FP Decoder for face parsing,
as shown in Figure 1b.

3.2. CNN Architectures

In the proposed method, we apply different decoders but the same encoder in two
stages. In the first stage, we conduct a masked self-supervised learning method to help the
encoder acquire facial feature representations. On the other hand, we hope the decoder
should be simple to be trained well. Inspired by this, a powerful UNet++ architecture with
ResNet50 as the backbone is used as our encoder. As shown in Figure 2, an image with the
size of 3 x H x W is fed into a UNet++ architecture, which acquires n x H x W facial feature
representations. As for R Decoder and FP Decoder, we only use one convolution layer.
Therefore, a powerful encoder can be well pretrained and reused in the fine-tuning stage.
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Figure 2. The architecture of Encoder, R Decoder, and FP Decoder in the proposed framework. 71,
denotes the number of facial parts labeled in the dataset.
3.3. Training

We leverage the masked self-supervised learning to pretrain our encoder and fine-tune
the encoder associated with FP Decoder for the face parsing task.

3.3.1. Pretraining

The pretraining stage aims to reconstruct the missing patches from the input masked
image. We compute the following loss:

W, H.
LOSSR = Z Z L(yAi]‘,yij) (1)
i=Ws j=H;

where L(7ij,yij) is the pixel loss between the original image and the reconstructed image.
In our experiment, the L; loss is used in this task. Here, 0 < Wy < W, < W, 0 < H; <
He <H/WS :%*W/WEZ%*W/HS :%*H/He:%*H

3.3.2. Fine-Tuning

Face parsing belongs to a semantic segmentation task that assigns each pixel to seman-
tic labels of facial parts. To obtain finer decision boundaries and accurate data distribution,
we make use of the combined loss as follows:

Losspp = AgiceLgice + AceLee 2)

where A and A, are hyper-parameters. L., and L., denote the Dice loss and the Cross-
Entropy loss, respectively. In our experiments, Agj., = Ace = 0.5 gives good performance
with respect to the F1 score and mloU.

4. Experiments
4.1. Datasets and Metrics
4.1.1. Datasets

We evaluate our proposed method on two benchmarks: LaPa [17] and CelebAMask-
HQ [12]. LaPa is a new large-scale landmark guided face parsing dataset containing
22,176 facial images with elaborated pixel-wise annotations of 10 semantic face-part cate-
gories. The images are divided into 18,176 images for training, 2000 images for validation,
and 2000 images for testing. The CelebAMask-HQ dataset is composed of 24,183 training
images, 2993 validation images, and 2824 test images with 18 semantic face-part categories.
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4.1.2. Metrics

The standard Mean Intersection-over-Union (mIOU) criterion, Pixel Accuracy (pix
Acc), mean Pixel Accuracy (Mean Acc), and Mean F1 score (Mean F1) are adopted for evalu-
ation on face parsing results, both for LaPa and CelebAMask-HQ. To maintain consistency
with the other approaches, we also report the F1 score performance.

4.1.3. Implementation Details

During the self-supervised learning and fine-tuning steps, random rotation and scale
augmentation are employed with all our experiments. To be specific, the rotation angle is
randomly selected from (—30°, 30°) and (—15°, 15°) for different steps. The scale factor is
randomly selected from (0.75, 1.25) and (0.8, 1.2) for two steps. We choose hyper-parameters
in Equation (2) as Agjce = Ace = 0.5.

All the experiments are implemented with two NVIDIA V100 GPUs. Optimizations
for self-supervised learning and fine-tuning steps are Stochastic Gradient Descent (SGD).
The input size for both steps is 480 x 480, which is the nearest 32 size to the 473 x 473 size
used in compared methods due to the network limitation and fair comparisons. The batch
size is set to 16 and the learning rate starts at 0.0001 for the first step and 0.00001 for the
second step.

We first pretrain (self-supervised learning) the encoder with ResNet50 as a backbone
and R Decoder for 500 epochs. The backbone is initialized with a pretrained model on
ImageNet. Then, we use the self-supervised learning model to initialize the whole encoder
in Figure 2, and we fine-tune the encoder and FP Decoder on the LaPa and CelebAMask-HQ
datasets, respectively.

In the fine-tuning stage, there are two settings for validating the performance of our
method. We first randomly sample 0.2%, 0.5%, 1%, 5%, and 10% from the training data
with labels to fine-tune, respectively. For these experiments, we create five different data
folds, and the final performance is the average of all five folds. Then, the entire training
data with labels are also used for fine-tuning.

4.2. Quantitative Evaluation

To verify the effectiveness of masked self-supervised learning, we compare our method
with our baseline, which is directly trained on the labeled data without masked self-
supervised learning. Table 1 summarizes the comparing results on different protocols,
which shows that our approach improves the baseline significantly on two benchmarks.
Specifically, our approach outperforms the baseline by 5.02 mloU, 2.91 mloU, 2.14 mloU,
1.07 mIoU, and 1.14 mIoU when there are 0.2%, 0.5%, 1%, 5% and 10% labeled data from
the LaPa dataset, respectively. As for the comparing results at the entire training data on
the LaPa dataset, our approach outperforms the baseline by 0.22 mloU. The comparing
results on the CelebAMask-HQ dataset also show our approach outperforms the baseline
by a large margin. For the entire training data setting, we compare our method with
other state-of-the-art methods in terms of F1 score. Tables 2 and 3 show the performance
comparison between our approach and the state-of-the-art methods trained on the entire
data of the LaPa dataset and the CelebAMask-HQ dataset, respectively. Our approach
achieves a new state-of-the-art performance with the mean F1 score of 92.5 on LaPa and
86.7 on CelebAMask-HQ, respectively. Our approach also achieves the best performance
on some facial semantic parts.
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Table 1. Performance comparison between the baseline (without the masked self-supervised learning)
and our approach in terms of pixel accuracy, mean accuracy, mloU and mean F1 score with state-of-

the-art methods on the LaPa and CelebAMask-HQ test set.

Dataset Method pixAcc. Mean Acc. Mean IoU Mean F1
0.29 Baseline 91.71 £0.35 83.09 £ 0.57 69.39 £ 3.21 78.69 £ 0.78
e Ours 93.16 £ 0.33 86.88 £ 0.51 74.41 +2.89 82.92 £ 0.67
0.5% Baseline 94.58 + 0.31 86.69 £ 0.41 76.33 £2.32 85.21 £0.53
= Ours 95.39 £+ 0.31 89.58 £+ 0.39 79.24 £2.13 87.52 + 0.41
19 Baseline 95.50 £ 0.22 88.82 £+ 0.32 78.20 4+ 1.89 86.73 £ 0.37
LaPa ’ Ours 95.88 £ 0.19 90.03 £ 0.29 80.34 £1.75 88.19 £ 0.30
50, Baseline 97.34 £0.13 91.21 £0.23 83.49 £ 0.95 89.57 £0.33
’ Ours 97.49 £ 0.12 91.74 £0.21 84.56 £ 0.76 90.43 £ 0.27
10% Baseline 97.68 £ 0.07 91.70 £0.21 84.40 £ 0.33 90.41 £ 0.23
’ Ours 97.77 £ 0.07 92.43 +£0.19 85.54 +0.25 91.03 £ 0.3

100% Baseline 98.11 93.21 87.15 924

° Ours 98.39 93.57 87.37 92,5
0.29 Baseline 90.86 £ 0.23 71.72 £1.98 63.30 £ 4.12 7323 £1.63
e Ours 91.21 +£0.22 74.99 +£1.76 66.48 £+ 3.76 75.23 £1.22
0.5 Baseline 91.66 + 0.13 75.65 £1.14 67.13 £ 3.68 76.15£1.17
e Ours 91.76 £ 0.13 76.43 +1.07 68.34 £ 3.32 77.01 £1.03
19 Baseline 92.51 £ 0.06 78.51 £ 0.83 70.47 £ 3.11 79.61 £ 091
’ Ours 92.69 £ 0.06 79.05 £ 0.76 7124 £2.73 79.88 £+ 0.98

CelebAMask-HQ

50, Baseline 93.67 £ 0.06 82.12 £0.33 74.06 £1.57 81.37 £0.93
’ Ours 93.76 £+ 0.06 82.37 £ 0.31 74.33 £1.21 81.90 £ 0.89
109 Baseline 94.22 £+ 0.05 82.59 £0.21 7517 £0.77 83.04 £ 0.65
? Ours 94.91 £+ 0.04 83.02 +0.20 75.88 £ 0.63 83.72 £ 0.57

100% Baseline 95.16 84.87 77.77 84.64

? Ours 95.16 87.29 79.03 86.73

Table 2. Performance comparison between our approach and state-of-the-art methods on the LaPa

test set in terms of F1 score. Bold font indicates the best results in different categories.

Methods Skin Hair L-Eye R-Eye U-Lip I-Mouth L-Lip Nose L-Brow R-Brow Mean
Zhao [43] 935 941 86.3 86.0 83.6 86.9 84.7 94.8 86.8 86.9 88.4
Liu [17] 972 963 88.1 88.0 84.4 87.6 85.7 95.5 87.7 87.6 89.8
Te [18] 973 962 89.5 90.0 88.1 90.0 89.0 97.1 86.5 87.0 91.1
Luo [19] 958 943 87.0 89.1 85.3 85.6 88.8 94.3 85.9 86.1 89.2
Wei [44] 96.1  95.1 88.9 87.5 83.1 89.2 83.8 96.1 86.0 87.8 89.4
Te [20] 97.7  96.5 91.6 91.1 88.5 90.7 90.1 97.3 89.9 90.0 92.3
Baseline 976 963 91.9 91.4 89.1 90.2 89.3 97.0 90.7 90.7 92.4
Ours 97.6 964 92.5 92.1 88.2 89.8 89.3 97.2 91.5 90.8 92.5
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Table 3. Performance comparison between our approach and state-of-the-art methods on the
CelebAMask-HQ test set in terms of F1 score. Bold font indicates the best results in different
categories.

Methods Face Nose Glasses L-Eye R-Eye L-Brow R-Brow L-Ear R-Ear I-Mouth U-Lip L-Lip Hair Hat Earring Necklace Neck Cloth Mean
Zhao [43] 948 90.3 75.8 79.9 80.1 77.3 78.0 75.6 731 89.8 871 888 904 582 657 194 827 642 762
Lee[6] 955 856 929 843 852 81.4 81.2 849 831 63.4 889 901 866 913 632 26.1 928 683 803
Luo[19] 960 937 906 862 865 83.2 83.1 86.5 841 93.8 886 903 939 859 678 30.1 888 835 840
Wei[44] 964 919 895 871 850 80.8 82.5 841 833 90.6 879 910 911 839 654 17.8 88.1 80.6 821
Te[18] 962 94 923 86 887 85.7 85.2 88 857 95.0 889 912 949 876 683 27.6 894 853 851
Te[20] 965 939 918 887 891 85.5 85.6 83.1 887 92.0 89.1 911 952 872 69.6 32.8 899 849 855
Baseline 965 941 928 902 903 86.4 86.4 88.9 88.6 92.7 89.8 914 955 871 725 22 912 87.0 846
Ours 96.6 94.1 92.9 90.3 90.4 86.6 86.6 88.7 88.6 92.8 89.8 914 955 878 728 37.1 91.1 86.7 86.7

(a)

(b)

(c)

(d)

4.3. Effects of Masking Patches from Central Area

To verify the effectiveness of masking patches from the central area of the image, we
compare with the setting that masks patches from the whole image. Figure 3 shows the
reconstructing results from two settings on two benchmarks with masked self-supervised
learning, which illustrates that both of these two settings can reconstruct the masked images
effectively. However, the fine-tuning results on the face parsing task show the performance
gap between these two settings. As shown in Table 4, masking patches from the central area
can make the model better capture facial feature representations, which is more suitable for

the face parsing task.

ek v

Figure 3. Example reconstruction results on Lapa (a,b) and CelebAMask-HQ (c,d) images. The first
column shows the original images. The second column is the masked images where patches from the
center area and the whole area are masked, respectively. The third column shows the corresponding
reconstructed images.
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Table 4. Performance comparison between masking patches from the central area and masking

patches from the whole area of the image during self-supervised pretraining in terms of mIoU on

the LaPa test set. A denotes the mIoU gain based on the baseline. Integral-Masked denotes masking

patches from the whole area of the image.

Protocol Method Mean IoU A
Baseline 69.39 + 3.21 -
0.2% Integral-Masked 68.12 £ 3.11 —-1.27
Ours 74.41 + 2.89 5.02
Baseline 76.33 +2.32 -
0.5% Integral-Masked 76.56 £ 2.37 0.23
Ours 79.24 +2.13 2.91
Baseline 87.15 -
100% Integral-Masked 87.17 0.02
Ours 87.37 0.22

4.4. Fine-Tuning Process

In our baseline training, the encoder is pretrained on the ImageNet dataset. Figure 4
shows that without the self-supervised learning, the loss has a faster convergence speed,
and mloU gets better rapidly. However, the proposed method guides the model to achieve
better performance in the last. It shows that the original model is easily trapped in local
optimization. In other words, the masked self-supervised learning helps the model overstep

the local optimum.

'y A
—— Baseline 0.2% propocol —— Baseline 0.2% propocol
1.4 Ours 0.2% propocol 0.7 Ours 0.2% propocol /W
0.6
1.2 /
0.5
1.0
3
9 £0.4
0.8
0.3
06 0.2
0.4 e 01
Epochs . (a) Epochs -
& r'Y
‘ —— Baseline 0.5% propocol 0.8
1.2 | Ours 0.5% propocol W
‘ 0.7
|
|
1.0t | 0.6
0.5
8 3
g0.8 Eo0.4

0.4 N 0.1

0.3
0.6
0.2
|

—— Baseline 0.5% propocol
Ours 0.5% propecol

Epochs > (b)

v

Epochs

Figure 4. (a,b) show the difference between the baseline and our method in training loss and test set

mloU with 0.2 and 0.5% protocol training data. As for the mIoU performance, our method has worse

performance but ends with better mIoU consistently.
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4.5. Discussions

We conduct a deep exploration on how masked self-supervised pretraining is effective.
Deep Feature Aggregation Network (DFANet) [45], Depth-wise Asymmetric Bottleneck
Network (DABNet) [46], and UNet [47] from Luo [19] obtained poor performance on
the necklace part (0.00, 0.01, 0.00 mloU, respectively) in CelebAMask-HQ. Our baseline
also performs badly on this part, as shown in Table 5. Analyzing the statistics of each
facial part in CelebAMask-HQ, we found that the pixel that belongs to the necklace only
takes up 0.017% of all pixels. Without bells and whistles, models place more optimization
on other categories training with semantic masks merely and eventually fall into a local
optimum. As a result, categories with very few pixels, such as necklace, can not be trained
effectively. Figure 5 shows all feature activation maps with the size of 16 x 512 x 512
from the Encoder output. The activation maps from the baseline have no activation on
the necklace part seen from Figure 5e. Nevertheless, in our proposed self-supervised
pretraining method, the model is required to reconstruct the image, and the whole training
procedure is categorized independently. Accordingly, it makes the model focus on each
category fairly. With the proposed masked self-supervised pretraining, our model has the
power to obtain the necklace feature representation and acquire the feature activation on
the corresponding locations, as shown in Figure 5f.

Figure 5. General image parsing results and feature activations on CelebAMask-HQ test set.
(a): Original images. (b): Unet++ with Imagenet pretrained (baseline) parsing results. (c): Unet++
pretrained with the proposed self-supervised method. (d): Ground truth. (e): Encoder feature
activation from baseline. (f): Encoder feature activation from ours. The baseline model obtains poor
performance with necklace, and there is no necklace feature activation. The model pretrained with
our methods shows better results. The first two rows even have better results than the ground truth.
From the red box in the last columns, our pretraining method helps the model build necklace feature
representation correctly.
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Table 5. Pixel ratios of face-part categories on the CelebAMask-HQ train set in terms of F1 score.

Face part Face Nose Glasses L-Eye R-Eye L-Brow
Pixel Ratios (%) 25.34 2.06 0.27 0.22 0.22 0.42

Face part R-Brow L-Ear R-Ear I-Mouth U-Lip L-Lip
Pixel Ratios (%) 0.41 0.46 0.39 0.30 0.41 0.68

Face part Hair Hat Earring Necklace Neck Cloth
Pixel Ratios (%) 0.31 0.90 0.24 0.017 4.10 3.35

5. Conclusions

In this paper, we propose a novel self-supervised pretraining method to alleviate the
burden of manual labeling on dense facial parts annotations. In our proposed method,
the Unet++ is first pretrained on the masked images where the patches from the central
area of images are masked with the objective of reconstructing the masked images. Af-
ter pretraining, our model is fine-tuned on the target face parsing dataset. The experimental
results demonstrate that our proposed self-supervised pretraining method can consis-
tently improve the strong baseline (directly trained on the labeled data with ImageNet
pretraining) fine-tuned on different proportions of labeled data. Moreover, our method
achieves the new state-of-the-art performance on the LaPa dataset and CelebAMask-HQ
dataset. Furthermore, the new proposed method helps the model build comprehensive
feature representation. The fine-tuned model obtains feature activations accurately on
every category through the feature visualization, including ones with very small ratios.
Experiment shows that a much better parsing performance is achieved, especially on cat-
egories with very small ratios (such as the necklace in CelebAMask-HQ). We think this
masked self-supervised pretraining method can also be used for other face-related tasks,
e.g., face landmark detection, face generation, and face attribute learning. This will be our
future work to analyze the potential effectiveness of the self-supervised pretraining for
limited labeled data.
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