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Abstract Face alignment and segmentation are challenging problems which have been
extensively studied in the field of multimedia. These two tasks are closely related and their
learning processes are supposed to benefit each other. Hence, we present a joint multi-
task learning algorithm for both face alignment and segmentation using deep convolutional
neural network (CNN). The proposed multi-task learning approach allows CNN model to
simultaneously share visual knowledge between different tasks. With a carefully designed
refinement residual module, the cross-layer features are fused in a collaborative manner.
To the best of our knowledge, this is the first time that face alignment and segmentation
are learned together via deep multi-task learning. Our experiments show that learning these
two related tasks simultaneously builds a synergy between them, improves the performance
of each individual task, and rivals recent approaches. Furthermore, we demonstrate the
effectiveness of our model in two practical applications: virtual makeup and face swap.
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1 Introduction

Facial analysis technique is frequently used in various applications such as emotion recog-
nition [13], style transfer [9], virtual makeup [20] and face swap [17], etc. As a fundamental
problem in multimedia and computer vision, a large number of processing and analy-
sis methods have been proposed to perceive and understand multi-modal information for
comprehension and understanding of face images and videos. Great progress has been
achieved in facial analysis tasks such as face detection and face attributes recognition by
taking advantage of recent developments in deep learning. In this paper, we generate deep
representations for face alignment and face segmentation utilizing convolutional neural
network.

Face alignment and segmentation are two basic tasks in facial image analysis, aiming at
revealing semantic and structural information of a face image. Face alignment, also known
as face landmark localization, tries to localize a set of semantic points precisely on a face
image, such as eye corners, nose tip, etc. Face segmentation, which is a special case of
semantic segmentation that labels each pixel in an image to a semantic class, aims to seg-
ment an input face image into semantic regions, such as nose, eyes, and lips. Although
the two tasks are closely related as they all seek to extract local features on images, they
are different in some aspects: face alignment focuses more on locating the positions of the
organs while face segmentation cares more about the contours of the regions. In this paper,
we present a novel encoder-decoder convolutional neural network for jointly learning face
alignment and segmentation tasks based on the following two observations:

– Learning multiple correlated tasks simultaneously builds a synergy and improves the
performance of each individual task as is shown in [28];

– Combining upsampling operation with low-level knowledge from low layers is benefi-
cial to detecting finer structures at high resolution [21].

The proposed multi-task learning framework is shown in Fig. 1.
Most of recent deep architectures for end-to-end pixel-wise labeling contain the encoder-

decoder pair to generate desired outputs. The encoder produces low resolution representa-
tion and decoder maps the low resolution representation to pixel-wise predictions. In our
multi-task framework, the encoder branch is used to regress face landmarks and the decoder
branch is for face segmentation. The two branches share the same features. When employ-
ing deep learning for semantic segmentation, the recognition of major objects in an image

Fig. 1 Overall structure of our method. The framework contains face alignment and segmentation branches
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such as face or nose region is realized at higher levels of the neural network. These high-
level layers work on a coarse scale and are translation invariant (via pooling operations).
However, face segmentation also require pixel-exact classification of small parts, such as
eyes and lips, which typically only can be found in lower levels of the network. This trade-
off is typically solved by using skip-connection from lower layers to higher layers, which
increases the resolution at layers close to the output. Previous works have shown that com-
bining high-level information comes from upsample layer and low-level knowledge from the
corresponding encoder layer is helpful to detect finer structure [21]. Hence we incorporate
refinement module proposed in [27] into our multi-task learning framework to help parse
the contours of facial parts more exactly. Moreover, we propose refinement residual module
at the joint of the two branches to let the layer fit a residual mapping. The optimization of
the residual mapping is easier than that of the original, unreferenced mapping.

We evaluate the performance of face segmentation and alignment, experimental results
show that the proposed model performs better than corresponding individual task. Incorpo-
rating refinement residual module provides additional performance boost compared to only
using refinement module.

In summary, this paper makes the following contributions:

– To the best of our knowledge, we are the first to present a deep multi-task learning
framework that solving face alignment and segmentation tasks together;

– We propose refinement residual module at the joint of the two tasks to enhance cross-
layer feature sharing;

– We demonstrate the effectiveness of our face alignment and segmentation results in two
practical applications: virtual makeup and face swap.

The rest of paper is organized as follows: in Section 2, related works on face align-
ment, face segmentation and multi-task learning are reviewed. In Section 3, we present
our multi-task encoder-decoder framework for face alignment and segmentation in detail.
Section 4 describes the implementation of the proposed approach, in which we also com-
pare the obtained results versus the face segmentation method proposed recently. Section 5
provides two applications based on our face alignment and segmentation results, virtual
makeup and face swap. Section 6 concludes the paper and explores the future works.

2 Related works

Face alignment Many approaches of face alignment have been proposed in the literature,
including both regression-based [6, 36] and model-based methods [19, 24]. The former
learn shape increment given a mean initial shape while the latter train an appearance model
to predict positions of key points. Zhu et al. [42] presented a mixture of tree models with
a shared pool of parts for landmark localization and pose estimation. Bao et al. [2, 3] used
sparse representation to pre-process face images. Xiong et al. [36] proposed a supervised
descent method (SDM) for face alignment.

CNN-based localization models have also been proposed in recent years and have
achieved remarkable performance, but it is still a challenging problem to align face image
with appearance variations in pose and expression. Sun et al. [34] used a cascade deep con-
volutional network based on a three-level CNN to locate facial landmarks. Zhang et al. [38]
presented a coarse-to-fine auto-encoder network (CFAN) with multi-scale inputs for face
alignment.
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Shao et al. [31] used a coarse-to-fine training algorithm (CFT) based on CNN for face
landmark localization. Sheng et al. [32] used a listwise ranking-based method to evaluate
face alignment results without ground truth.

Face segmentation Due to immense variation of facial appearances in unconstrained
images, it is challenging to obtain facial segmentation at pixel level. Luo et al. [22] seg-
mented face images by a hierarchical CNN-based parsing network based on a hierarchical
part detection process. The model generated masks of facial components such as eyes
and mouth, but couldn’t separate face region from background. Smith et al. [33] proposed
an example-based approach for face region and component segmentation, but the method
required sufficient visibility of face region.

Liu et al. [20] trained a face parsing model for both the before-makeup images and
reference faces, but the contours of regions sometimes were not smooth.

Saito et al. [30] proposed a two-stream deconvolution network for face segmentation and
used the outputs to capture 3D facial performance .

Multi-task learning Multi-task learning is a natural approach for problems that require
simultaneous solutions of several related problems [7]. Existing methods either assume
there is an optimal shared parameter space for all tasks and regularize the parameter space
by estimating the latent relationships between tasks [41], or focus on correlating relevant
features jointly [37]. Zhang et al. [40] optimized facial landmark localization with subtly
related tasks such as pose estimation and facial attributes inference to improve detection
robustness. Gkioxari et al. [11] proposed a CNN for the tasks of pose estimation and action
classification. Rajeev et al. [28] applied deep model to jointly addressing the tasks of face
detection, pose estimation, landmark localization, pose estimation and gender recognition,
the method fused intermediate layers of a deep model using a separate CNN followed
by a multi-task learning approach that operated on the fused features. Our work focuses
on addressing face alignment and segmentation problems simultaneously by a multi-task
learning mechanism.

3 Method

3.1 Overview

In order to simultaneously learn face alignment and segmentation tasks, we propose an
encoder-decoder multi-task network by sharing the low-level features of the two tasks and
incorporate cross-layer features fusing to help parse the contours of facial components more
exactly. The overall multi-task facial analysis model is shown in Fig. 1. Unlike traditional
segmentation method by using straightforward encoder-decoder mechanism, we push the
encoder branch to learn low-level representations related to face landmark regression task,
then decode the low-level features for face segmentation. The total loss of our multi-task
deep convolutional network is computed as the weighted sum of the two individual losses
as:

Lossf ull = LossA + λ · LossS, (1)

where LossA is the loss of face alignment, and LossS is the loss of face segmentation. The
weight λ is decided according to the importance of tasks in the overall loss. We set λ = 5
in our experiments.
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In the following subsections, we start with the encoder branch of face landmark
regression, then move to face segmentation decoder branch, and finally expose the encoder-
decoder refinement trade-offs.

3.2 Encode face alignment

We add face landmark regression task into the encoder-decoder pipeline to stimulate the
encoder branch to encode face representations more effectively. The fully connected lay-
ers are added after the low-level representations and their outputs predict face landmark
coordinates.

Architecture The encoder network is illustrated in Fig. 1 (Encoder and Face Alignment
module). It consists of eight learned layers, the first five are convolutional and the remaining
three are fully connected. The first convolutional layer filters the 224×224×3 input image
with 96 kernels of size 7×7 with a stride of 2 pixels. The second convolutional layer takes as
input the output of first convolutional layer and filters it with 256 kernels of size 5× 5. The
third, fourth and fifth convolutional layers are connected to one another, each of which have
512 kernels of size 3×3 with a pad of 1 pixel. The fully connected layers have 4096 neurons
each. We reduce the kernel size of the first convolutional layer and stride in the first two
convolutional layers to reduce information loss. Each convolution in the encoder network
produces a set of feature maps. Batch normalized [15] and an element-wise rectified-linear
non-linearity(ReLU) is applied. Following that, max-pooling is used to achieve translation
invariance over small spatial shifts of input image.

Encoder loss We use face landmark regression to regularize the encoder process. A face
region can be characterized by x, y,w, h where (x, y) is the coordinate of center of the
region and w, h are width and height of the region respectively. Each landmark point is
shifted with respect to the region center and normalized by (w/2, h/2) as:

(ai, bi) = (2 · xi − x

w
, 2 · yi − y

h
), (2)

where (ai, bi) is treated as labels for training the landmark localization task using euclidean
loss as:

LossA = 1

2N

N∑

i=1

((x̂i − ai)
2 + (ŷi − bi)

2), (3)

where (x̂i , ŷi ) is the ith landmark location predicted by the network and N is the total
number of the landmark.

3.3 Decode face segmentation

In this part, we describe the decoder module for face segmentation generation. We decode
the low-level representations by upsample operations and supply a prediction of each pixel
for the original input.

Architecture The decoder module of our network is shown in Fig. 1 (Decoder module).
The role of decoder branch is to map the low resolution encoder feature maps to full input
resolution feature maps which produce class probability for each pixel independently. Each
encoder layer has a corresponding decoder layer.
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We follow the work of Badrinarayanan et al. [1] to upsample the low resolution feature
maps. Each decoder part upsamples its input using the transferred pooling indices from the
corresponding encoder part to produce sparse feature maps, as depicted in Fig. 1 (Upsam-
ple module). As the convolutional operations in Conv1 and Conv2 layers downsample the
feature maps, we upsample the corresponding decoder part by learning to deconvolve the
input feature maps to produce the decoder outputs.

Decoder loss We use softmax loss as the objective loss function:

LossS(C,C∗) = −1

n

∑

i

C∗
i log(Ci), (4)

where Ci = ezi /
∑

c ezi,c is the class prediction at pixel i given the output of the final
convolutional layer. The loss is summed up over all pixels in a mini-batch. As there is large
variation in the number of pixels in each class of the training set, it is need to weight the loss
differently on each class. We use median frequency balancing [8] and weight each pixel by
αc = median f req/f req(c), where f req(c) is the number of pixels in class c divided by
the total number of pixels in images, and median f req is the median of these frequencies.
The strategy implies that large classes in the training set usually have smaller weights than
those of small classes.

3.4 Encoder-decoder refinement

Although the two proposed losses are both considered when constructing the learning
pipeline, the face alignment loss only influences the encoder branch when using back-
propagating to update parameters. Hence, we enhance the decoder branch by adding
additional connections to utilize information from the encoder branch (lines with arrow in
Fig. 1).

Firstly, we give the content of refinement module in [27] and then we propose the
refinement residual module.

Refinement module Options such as pooling or convolution in encoder may reduce the
resolution of input, which is not beneficial for segmentation where boundary delineation is
vital. Previous works have shown that using not only the information comes directly from
the upsample layer, but also combines it with the low-level knowledge from corresponding
low layer of the encoder is helpful to detect fine structure at high resolution. The refinement
module is proposed in [27] to generate high-fidelity object masks and we add it in both
conv1 and conv2 convolutional layers.

As is shown in Fig. 2a, each refinement module combines two streams as input. One is
from previous upsample layer and the other is from the corresponding encoder convolutional
layer. The two convolutional operations are used to transform the features from different
layers so that they can be concatenated together. The kernel size of convolutional operation
in refinement module is 3 × 3 with one-pixel padding.

Refinement residual module The refinement module enhances information sharing
among different branches. Unlike pervious works focusing on single image-to-image learn-
ing task, we learn two related tasks simultaneously. The vital difference between our
network and other encoder-decoder pipelines is that we add additional goals to the end of
the encoder branch. To promote further feature sharing and boost the multi-task learning
objective, we propose refinement residual module, as is shown in Fig. 2c.
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Fig. 2 Different refinement strategies

By incorporating refinement residual module, we aim to add strong connection at the
joint of the two branches. Similar to refinement module, refinement residual module also
takes two inputs: one is from the previous convolutional layer in encoder branch and the
other from the first upsample layer in decoder. Differently, our refinement residual module
is designed by taking residual learning into consideration. Fig. 2b illustrates the content of
the basic residual module in [14]. Supposing the input signal is donated as x and the desired
underlying mapping as H(x), they let the stacked nonlinear layers fit a residual mapping
F(x) = H(x) − x by adding shortcut connections. As for our refinement residual module,
we also use shortcut connection to identify the output of the last convolutional layer in
encoder branch, and use element-wise addition to realize the operationF +x. Furthermore,
a convolutional layer is adopted to transform feature maps before passing information to
next layer. The kernel size of convolutional operation in our refinement residual module is
3 × 3 padded with one pixel. The reason of adopting such module is that we want the face
alignment branch to push more influence on the decoder branch. By stack of layers and
operations, this enhanced module is expected to transform the face alignment loss put on
the encoder branch to the decoder branch.

Different from refinement module, the features from shallow layers are directly con-
nected to the refinement residual module without additional convolutional operation. The
reason is that the refinement residual module is located at the joint of the two branches,
where the two inputs are quite similar. Furthermore, we use sum operation in refinement
residual module instead of concat operation because it is easier to optimize the residual
mapping in deep layers.

4 Implementation and experiment

We evaluate our method and show that learning face alignment and segmentation simulta-
neously promotes the performance of individual task and clearly outperforms a recent face
segmentation approach [30].

4.1 Implementation Details

Pre-training We use AFLW [18] dataset to train the face detection network, the structure
of which is the same as encoder face alignment. Once trained, the learned parameters are
used to initialize the encoder face alignment branch, decoder face segmentation and the
multi-task framework, as the standard ImageNet initialization does not converge well. The
selective search algorithm [35] is used to generate region proposals for faces in an image.
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A region overlapping more than 0.5 area of the ground truth bounding box is considered as
a positive sample (l = 1), while the candidate regions overlapping less than 0.35 area of the
ground truth bounding boxes are treated as negative instances (l = 0). All other regions are
ignored. In our experiments, we randomly select 50K positive and negative samples as the
training dataset. Softmax loss is used to train the network:

LossD = −(1 − l) · log(1 − p) − l · log(p), (5)

where p is the probability that the candidate region is a face.

Datasets We train the multi-task network using HELEN dataset [33], which contains 2330
face images with manually-annotated labels including eye (L/R), eyebrow (L/R), nose, lip
(Up/Low), foundation, inner mouth and background, where “L”, “R”, “Up” and “Low” stand
for “Left”,“Right”,“Upper” and “Lower” respectively. The dataset also contains landmark
annotations following the Multi-PIE [12] 68 points mark-up, which is used for training face
alignment task. The test set of face alignment task is composed of test set in LFPW [4] and
HELEN, where are totally 554 images in general.

To prevent overfitting, we augment the HELEN dataset using random perturbations of
translation, rotation. Skin toned objects such as hands and arms are commonly observed
during gesticulations, which are difficult to parse because of the similar colors and fine
structures with face, we further augment the training dataset with composited hands and
arms. We first collect 500 hands images under different poses and light conditions and
manually segment them. We then synthesize these hands images on top of the face images.
In total, there are 31803 images used to train our network.

Training details We implement the multi-task network using Caffe framework [16]. Once
trained, the learned Caffe model and corresponding deploy file are used for testing. We
adopt MTCNN [39] method for face detection, the detected face is then resized to 224×224
as the input of the multi-task framework for training and testing. We train our models using
stochastic gradient descent (SGD) with a batch size of 80 examples, momentum of 0.9,
and weight decay of 0.0002. We use “Poly” learning policy and set the base learning rate
to 10−3. The model is trained on NVIDIA Titan X GPUs. We set the weighted parameter
λ = 5, which achieves the best result on validation dataset. We will analyze the choice of λ

to the performance of multi-task learning in evaluation part (Section 4.2).

4.2 Evaluation of face segmentation

We rely on mean intersection-over-union metric (mIoU) [10] as used in [30] to assess the
performance of face segmentation, which is simply calculated as the average IoU over all
classes:

IoU = T P

T P + FP + FN
,

where T P , FP and FN are the numbers of true positive, false positive and false nega-
tive pixels respectively, determined over the whole test set. The mIoU is a more stringent
metric than class average accuracy since it penalizes false positive predictions. In our eval-
uation, we firstly qualify the effect of different refinement strategies on face segmentation
performance, then compare our result with a recently proposed face segmentation approach
[30].
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Evaluation of decode refinement In Table 1, we show the qualitative results about
the impact of different refinement strategies to face segmentation performance. FaceSeg-
Basic is a simple encoder-decoder network without refinement module used in the network.
FaceSeg-Refine M1-M2 is constructed by adding Refine M1 and Refine M2 module to
FaceSeg-Basic. FaceSeg-Refine Res is constructed by adding Refine Res to FaceSeg-
Refine M1-M2, as shown in Fig. 1 (decoder part). FaceSeg-Refine Basic is similar to
FaceSeg-Refine Res but we replace the third refinement residual module to the form of
Refine M1. Figure 3 shows the face segmentation results among different refinement strate-
gies. We observe that FaceSeg-Basic without any refinement strategy performs the worst
and does not retain small classes. All other methods which add refinement module per-
form significantly better. This emphasizes the significance of refining the segmentation
contours of small parts such as eyes and lips, which is achieved by combining information
presented in lower layers in encoder and corresponding decoder part. Particularly, FaceSeg-
Refine Res is superior to FaceSeg-Refine Basic, which validates the effectiveness of the
proposed refinement residual module. The residual module enhances more impact on the
decoder branch from encoder face alignment part.

Following we use FaceSeg-Refine Res network as the decoder branch to train our multi-
task encoder-decoder network as is shown in Fig. 1.

Evaluation of multi-task framework We compare our multi-task face segmentation
results with the results generated by the Two-Stream-ConvNet model (re-tranied using our
traning set) in [30]. The qualitative results are shown in the last two rows of Table 1
and apparently our network outperforms the Two-Stream-ConvNet model. To be fair,
we also compare the facial region IoU in terms of the segmentation result with Two-
Stream-ConvNet, which is designed to segment the whole facial region. Our result (86.9)
outperforms the result reported in [30] (81.4). Figure 4 shows comparison of the segmenta-
tion results between the two methods, which shows the ability of our proposed multi-task
network to parse small classes more precisely and produce a smoother segmentation
contours.

4.3 Evaluation of face alignment

The evaluation metric of face alignment is the mean error of facial landmarks, which is
calculated as:

1

n

n∑

i=1

‖xi − x∗
i ‖2

d
,

where d denotes the inter-pupil distance, which is estimated by averaging the coordinates
of the landmarks around eyes, and n is the number of facial landmarks.

Table 1 Quantitative
comparison of face segmentation
performance

Network mIoU face IoU

FaceSeg-Basic 20.5 81.0

FaceSeg-Refine M1-M2 65.3 84.2

FaceSeg-Refine Basic 65.0 84.2

FaceSeg-Refine Res 67.5 85.6

Face-Multi task 70.2 86.9

Two-Stream-ConvNet [30] 61.4 81.4
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Fig. 3 Comparison of face segmentation results among different refinement strategies. The a input image,
b the results segmented by FaceSeg-Basic, c by FaceSeg-Refine M1-M2, d by FaceSeg-Refine Basic and e
by FaceSeg-Refine Res network are shown sequentially

Evaluation of face alignment We compare the face landmark localization result between
the encoder face alignment and the multi-task framework. Other state-of-the-art methods
used for comparison include Zhu et al. [42], SDM [36], CFAN [38] and CFT [31]. The
results are shown in Table 2, which indicates the proposed multi-task framework is superior

Fig. 4 Comparison of face segmentation results between our method and the method proposed in [30]. The
images in the first two columns are near frontal, images in the middle two columns are large pose variation
and the last two columns are large illumination variation. Our method is more robust to different situations
and the segmentation contours are smoother than the model in [30]
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Table 2 Quantitative
comparison of face alignment
performance with state-of-art
methods

Method mean Error

Zhu et al. [42] 8.22

SDM [36] 5.57

CFAN [38] 5.50

Our face-encoder-align 6.33

Our face-multi-task 5.10

CFT [31] 4.82

to the encoder face alignment network (mean error 5.10 vs. 6.33), method in [42], SDM
and CFAN. Our multi-task network is slightly inferior to CFT that adds supervisory signal
to each max-pooling layer, which makes the model more complex than ours. On the other
side, CFT method takes about 65ms to process an image on an Intel Core i7 CPU, while our
encoder face alignment model only takes 23ms, which is 3 times faster. The CFT network is
more complex than our face alignment network and thus needs more time for one forward
propagation. In detail, the CFT network contains eight convolutional layers and two fully
connected layers, while our face alignment network contains five convolutional layers and
three fully connected layers. Figure 5 shows the face landmark localization results. We can
see that the proposed multi-task network has a better generalization ability than the encoder
network and can correct the position of landmarks.

We also demonstrate the successful face alignment and segmentation results with com-
plex occlusions such as hands and arms as is shown in Fig. 6. Our convolutional network
effectively predicts a dense probability map revealing the alignment and segmentation
results, even when the faces are blocked by objects with similar skin tones such as hands.

Analysis of parameter We analyze the face alignment and segmentation results in terms
of weighted parameter λ and the results are shown in Table 3. We use mIoU as the eval-
uation metric of face segmentation and use mean Error for face alignment. A larger λ is
beneficial for good segmentation result, which is in accordance with face alignment. The
best performance is achieved when λ = 5.

5 Application

Virtual makeup Virtual makeup is a technique used to change people’s appearance with
special cosmetics such as foundation, lip gloss and eye shadow. In most cases, especially
for females, makeup makes people more attractive and gain self-confidence. There are

Fig. 5 Comparison of face alignment results between the encoder face alignment and multi-task network
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Fig. 6 Examples of face alignment and segmentation results with complex occlusions such as hands and
arms

commercial makeup systems in market increasingly. Virtual makeup website TAAZ1 offers
some pre-determined cosmetic elements such as lipsticks and eye shadow. Face alignment
and segmentation are key techniques for digital face makeup, which help synthesize the
final visual effect of makeup for given images.

Based on the face segmentation result, only the eye shadow mask need to be aligned to
eye region in the test image. To illustrate this clearly, the mask is firstly scaled and rotated
according to the landmark in eye corner predicted by the encoder face alignment branch.
Then, Thin-Plate-Spline warpping method [5] is used to adjust the mask. Color transfer
[29] is used to change the appearance of the lip region in source (before-makeup) image
according to the color pattern of a target (after-makeup) image. The final synthesis result
is generated by Alpha blending of testing image I and template T of lip and eye shadow to
make the makeup color natural, which is given as:

γ (x, y) = α · I + (1 − α) · T ,

where α ∈ [0, 1] and is set to 0.6 in our experiments.
We compare our virtual makeup results with the results of TAAZ in Fig. 7. We can see

the significance of accurate face alignment and segmentation results to the elegant virtual
makeup. The contrast of lip region is preserved by using color transfer method. Moreover,
our makeup synthesis process is fully automatic but TAZZ requires manual intervention.

Face swap Swapping face means transferring a face from a source image onto a face
appearing in a target image, attempting to generate realistic results. It is relevant in many
scenarios including digital forensics [26], privacy preservation [25] and as a potential face
specific data augmentation method [23].

1http://www.taaz.com/
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Table 3 Comparison of face
segmentation and alignment
results in terms of weighted
parameter λ

λ 0.2 0.4 1 3 5 7

mIoU 67.3 68.5 68.7 70.1 70.2 70.2

mean Error 5.27 5.32 5.36 5.14 5.10 5.13

Based on the face alignment result, we first calculate the affine transform matrix between
the source image and target image so that:

[
x̂i

ŷi

]
= M ·

⎡

⎣
xi

yi

1

⎤

⎦ ,

where [x̂i , ŷi]T is the coordinates in target image and [xi, yi]T is the corresponding coor-
dinates in source image, M is the calculated affine transform matrix. Then, we move the
source image face to the target based on the affine transform matrix. We also transform the
color of the source face by normalizing cumulative distribution function (CDF) and create
blur effect by box filter.

Fig. 7 Comparison of our virtual makeup results with the results of TAAZ. For each row, from left to right:
before-makeup image, our results, TAAZ’s results, local details of our results, local details of TAAZ’s results
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Fig. 8 Face swap results. The source faces are accurately mapped to the targets by using face alignment
results

We show face swap results in Fig. 8. Our method is able to introduce noticeable changes
to the appearance of the source faces while keeping head pose and gaze direction, and
produce plausible face-swapped images.

6 Conclusion

In this paper, we propose a deep encoder-decoder neural network for jointly learning face
alignment and segmentation tasks simultaneously via multi-task learning. We find a few
crucial observations from our experiments. Firstly, the related tasks of face alignment and
segmentation benefit from each other by using multi-task framework, which mainly due to
the network’s ability to learn more discriminative features. Secondly, combining low-level
features from encoder part is responsible for parsing finer contours, as the features in CNN
is hierarchically distributed and lower layers features contain edge information. Extensive
experiments demonstrate the effectiveness of our method for the two tasks. For future work,
we will generalize our method to video and other applications such as simultaneous face
detection and pose estimation.
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