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Multi-View Face Synthesis via
Progressive Face Flow
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Abstract— Existing GAN-based multi-view face synthesis methods rely heavily on “creating” faces, and thus they struggle
in reproducing the faithful facial texture and fail to preserve
identity when undergoing a large angle rotation. In this paper,
we combat this problem by dividing the challenging large-angle
face synthesis into a series of easy small-angle rotations, and
each of them is guided by a face flow to maintain faithful facial
details. In particular, we propose a Face Flow-guided Generative
Adversarial Network (FFlowGAN) that is specifically trained
for small-angle synthesis. The proposed network consists of two
modules, a face flow module that aims to compute a dense
correspondence between the input and target faces. It provides
strong guidance to the second module, face synthesis module, for
emphasizing salient facial texture. We apply FFlowGAN multiple
times to progressively synthesize different views, and therefore
facial features can be propagated to the target view from the very
beginning. All these multiple executions are cascaded and trained
end-to-end with a unified back-propagation, and thus we ensure
each intermediate step contributes to the final result. Extensive
experiments demonstrate the proposed divide-and-conquer strategy is effective, and our method outperforms the state-of-the-art
on four benchmark datasets qualitatively and quantitatively.
Index Terms— Multi-view face synthesis, pose-invariant face
recognition, face reconstruction.

I. I NTRODUCTION
ACE recognition is a fundamental problem in computer vision [1], [31], [42]. Although significant progress
has been made because of deep learning and large-scale
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Fig. 1. Directly synthesizing a novel view with large pose variations suffers
from erroneous facial details (CR-GAN [40] at the top-right corner). We break
down this challenging problem into several small-angle synthesis tasks (x·G ),
each of which is guided by a face flow (x·c indicates the warped result).
A frontal face x G
f rontal can be obtained in a progressive manner with faithful
facial features.

datasets [36], [37], [45], face recognition under unconstrained
environments is still a challenging problem [13]–[15], especially with large pose variations [4], [8]. As a result, many
works rotate profile faces to the frontal ones, and then the
ordinary face recognition methods can be applied.
Generative Adversarial Network (GAN) is arguably the
most commonly used technique for synthesizing novel face
views [2], [16], [21], [27], [54]. Notwithstanding the demonstrated success, GAN-based methods focus on generating faces
that conform to the global distribution, while neglecting local
facial details. This problem is minor for small-angle synthesis,
but critical for large pose variations. As the input face is
heavily occluded, GAN-based methods tend to “imagine” the
target face rather than leveraging input facial features (see
the top-right corner of Fig. 1). On the other hand, flow-based
warping is an opposite of GAN that reconstructs the target
view according to the estimated dense correspondence between
input and output faces. However, it is impossible to compute
an accurate face flow due to the large pose difference between
input and output faces, and most pixels cannot find the correct
corresponding points as they are occluded in the input face.
We argue that GAN and flow-based methods are complementary to each other, as they respectively synthesize
faces from global and local perspectives. The only issue is
that they cannot cooperate in the scenarios with large pose
differences. As a consequence, instead of directly generating
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the target view, we break down the challenging large-angle
face synthesis problem into a series of easy small-angle face
rotation operations. In this way, both of two strategies can
maximize their advantages. In particular, we propose a Face
Flow-guided Generative Adversarial Network (FFlowGAN)
that emphasized on small-angle rotations. It first estimates
the face flow by warping the input face to the target one
(see the 2nd and 3rd images in the first row of Fig. 1).
Because of the small difference between input and output
faces, the face flow can faithfully capture facial texture. The
obtained face flow is then used to guide the face synthesis
module in a multi-scale manner. As a consequence, given
a face with an arbitrary view, the proposed FFlowGAN can
rotate the input face by a small angle (see the bottom row
of Fig. 1 and 15◦ in our paper), and an arbitrary target view
(0◦ − 90◦ ) can be obtained by applying the proposed network.
It is extremely flexible, as we, unlike previous works, do not
require additional input such as input/output landmarks or the
target label vector. More importantly, the progressive process
shares the same FFlowGAN, but it is trained end-to-end for
the entire rotation sequence with a unified back-propagation.
This enforces all the intermediate steps contribute to the final
result. We conduct extensive experiments on four benchmark
datasets, both qualitative and quantitative results show that our
FFlowGAN outperforms state-of-the-art methods.
The contributions of our paper are summarized as follows:
• We delve into the facial displacement consistency of small
rotation angles, and propose a unified, end-to-end framework that combats the problem of large pose variations
by dividing it into a series of small-angle face matching
and synthesis sub-tasks.
• We propose a Face Flow-guided Generative Adversarial Network. It maximizes the advantages of GAN
and flow-based strategies. By applying this network,
identity-preserved faces can be generated and faithful
facial details can be propagated to the target view from
the input.
• Experiment results on four datasets demonstrate the
effectiveness of our divide-and-conquer solution. Qualitative and quantitative results show superior performances
than state-of-the-art methods both under constrained and
unconstrained environments.
II. R ELATED W ORK
A. Pose-Invariant Face Recognition
Large pose variations influence the face recognition performance significantly. Existing methods address pose-invariant
face recognition mainly in two ways: the first one aims to
learn the pose-invariant features [5], [37], while the other
one ensures the recognition accuracy under large rotation
angles of profile faces by synthesizing their frontal face [7],
[27], [54]. Our method belongs to the latter one to produce
identity-preserved faces.
B. Dense Correspondence for Face Synthesis
Dense correspondence describes the matching relationship
between image pairs at each pixel. Once the correspondence
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is acquired, the target image can be reconstructed by warping
the source image [39], [56]. There are many works measure
the correspondence at image or feature level, such as HOG
and SIFT [6], [33]. Meanwhile, many deep learning based
methods are proposed to learn a more robust correspondence
across images [10], [24], [39], [56]. Dense correspondence
has also been introduced to face synthesis. Deng et al. [7]
present a UV-GAN to complete the facial UV map for
real-world faces. Recently, Cao et al. [2] propose an AD-GAN
for multi-view face image synthesis by face normalizer and
editor while estimating the dense UV correspondence field.
They also propose a HF-PIM [3] for producing the frontal
faces through texture warping. Zhang et al. [53] use an
appearance-flow-based convolutional neural network for face
frontalization, in which the flows are calculated by the alignment of the profile and frontal faces directly. However, for
a large-angle profile, the gap between profile and frontal is
infeasible to bridge by simply warping the pixels from one
to another. In this work, we address this problem by a newly
proposed FFlowGAN that learns the unsupervised face flow in
a progressive manner, resulting in more accurate facial texture
matching. Besides, existing methods directly apply optical
flow to produce the warped face as the final result, which
introduces the optical flow error to the final prediction. Instead,
we treat the face flows as the guidance for multi-scale feature
representations, which eliminates flow artifacts through the
convolution operations meanwhile preserving the local details.
C. Multi-View Face Synthesis
Early works in the literature only focus on synthesizing
the frontal face, which can be considered as single view
face synthesis. Traditional works synthesize frontal face by
adopting 2D/3D local texture warping [12], [19], [57]. For
instance, Hassner et al. [19] employ a 3D approximation
for face frontalization. However, those methods suffer from
severe texture loss and artifacts. Recently, deep learning based
methods demonstrate a promising progress. Huang et al. [23]
propose a TP-GAN for face frontalization by preserving the
global and local texture information with complex architecture.
Zhao et al. [54] propose to learn the pose-invariant features
during face frontalization. On the other hand, multi-view face
synthesis is much more challenging and more appealing in
real-world scenarios. Yim et al. [51] utilize multi-task learning
for multi-view face synthesis. Tran et al. [41] propose to
simultaneously recognize pose-invariant face and synthesize
multi-view faces. Similar to the methods discussed above,
these works struggle in frontalization of large-angle profiles.
To tackle this problem, Shen et al. [38] edit the faces by
interpreting the latent codes of a pre-trained StyleGAN [28],
but the results are limited to the same domain of the pretrained
generator. On the other hand, Hu et al. [21] propose to rotate
the input face to multiple views by introducing the guidance
of source and target pose landmarks. Xu et al. [49] propose a
gated deformable network to model the deformation of faces
in the rotation process. HoloGAN [35] controls the pose of
faces through the transformations of the learned 3D features.
Although these methods can handle large pose variations
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Fig. 2. Overview of our multi-view face synthesis process. The face flow-guided GAN consists of a face flow module and a face synthesis module, in which
the flow module produces multi-scale face flows, while the face synthesis module warps the decoder features according to the face flows. The warped features
are further processed by a self-selective face fusion module to eliminate artifacts, meanwhile preserving facial details. Note that the parameters of the network
are shared across each step (green block) and the discriminator is not shown here for simplicity. xi is the input face, x·c , x·G denote the faces synthesized by
the face flow module and face synthesis module respectively.

to some extent, they formulate multi-view synthesis as a
direct mapping problem, which is indeed an intractable and
ambiguous problem due to the missing facial details, especially
for large rotation angles.
The most related work to our FFlowGAN is SPAE [27],
which converts non-frontal faces to frontal ones by stacking
shallow auto-encoders. However, SPAE relies only on the
observation that each small rotation step should be separately
handled, it neglects a critical fact that the displacements
between small rotation angles are reliable and consistent across
different faces. This crucial finding enables us to employ
the unsupervised face flow, and combats the main problem
of unreliable matching with large displacements. Enabling
face flow is also the key to maintain accurate facial details.
Compared with SPAE, our face flow is essential to the success
of the progressive rotation strategy, as it injects additional
prior knowledge to ensure important facial features can be
correctly propagated. On the other hand, progressive strategy
is more feasible for integrating the flow-based method on
large-angle face synthesis. As a result, SPAE trains several
auto-encoders for different rotation steps that can only produce
fixed one-to-one face mappings, while our method is a unified,
end-to-end framework that can synthesize new faces without
knowing the input face angle.
III. A PPROACH
Given a face image x i at viewpoint i , we aim to synthesize its corresponding faces at different viewpoints progressively under the guidance of face flow. To achieve this
goal, we propose a Face Flow-guided Generative Adversarial
Network (FFlowGAN). As illustrated in Fig. 2, the proposed
FFlowGAN iists of a face flow module and a face synthesis
module.
A. Face Flow Module
Previous flow estimation methods [10], [24] take both
source and target images as input and be trained under the

supervision of ground truth flow. However, the flow ground
truth between two faces is unavailable in our case. Instead,
we predict the face flow by one source image in an weakly
supervised manner. The face flow is learned by warping the
source face to the target face. Our face flow module takes
one face image x i as input and predict the corresponding face
flow C(x i ) with different scales to the next step, which can
be defined as:
C(x i ) = {c1 (x i ), c2 (x i ), . . . , c K (x i )},

(1)

where C(x i ) is the set of face flows with K scales (K = 3 in
this paper). Each finest face flow c K (x i ) represents the dense
correspondence between the source face and the target one.
The target face x i+1 at the current step can be synthesized by warping the source image x i according to the face
flow c K (x i ) (bilinear sampling layer [25] is used as the
warping operation in this paper). Since the angle of each step is
very small, the source face x i is similar to the target face x i+1 .
As a result, the predicted face flow is accurate for small-angle
face reconstruction.
Although the face flow module is able to synthesis the target
c , as we discussed in Sec. I, flow-based method has its
face x̂ i+1
c
own limitations. Thus instead of directly using x̂ i+1
as the final
result, we utilize C(x i ) as a guidance for the face synthesis
module.
B. Face Synthesis Module
Our face synthesis module considers face flows in a
multi-scale manner, to simultaneously generate multi-scale
facial features.
1) Face Features Extraction: For a profile face image with
large-angle variation, our FFlowGAN synthesizes its frontal
face in a progressive way. To capture the correlation of faces
between different views and propagate information along the
progressive process, we incorporate a ConvLSTM layer [47] at
the beginning of the face synthesis module. It receives information from all previous steps such that salient facial features
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Fig. 3. Architecture of our generator, which has an encoder-decoder architecture. The encoder has 3 down-sampling block, each down-sampling block consists
of a convolution layer (Conv) followed by an Instance Normalization layer [43] (IN) and ReLU activation layer [34]). The last part of the encoder contains
6 residual blocks as the bottleneck. The decoder also has 3 up-sampling blocks. Each up-sampling block has a transposed convolutional layers (TConv)
followed by an Instance Normalization layer and a ReLU activation layer, except the last one that we use the Tanh as the activation layer. Meanwhile,
multi-scale face flows provide guidance in the decoder. A self-selective face fusion module is attached after the face flow-based warping operation.

will not be eliminated during the propagation. Meanwhile,
the ConvLSTM module could control the input information to
the face synthesis module, and preserves more discriminative
identity features of the input face.
Our face synthesis module consists of generator G and
discriminator D. As in illustrated in Fig. 3, the generator G is
a CNN model with encoder-decoder architecture. It takes a
face image processed by the ConvLSTM as input (note that
the input face image could be a real image x i , or a fake
G generated by the last step). The encoder has
face image x̂ i+1
3 down-sampling blocks (A convolutional layer followed with
a Instance Normalization layer [43] and ReLU activation [34]
layer) and 6 residual blocks as the bottleneck.
The discriminator D tries to distinguish the real
face x i+1 from a synthesized one G(x i ). The discriminator
consists of 3 down-sampling convolutional layers followed by
6 residual blocks.
2) Face Flow-Based Warping: The decoder of the generator G also has 3 up-sampling blocks. Each block has a
transposed convolutional layer followed with Instance Normalization layer [43] and ReLU activation [34] (Tanh as the
activation in last convolutional layer). The output features of
encoder and 1st layer of decoder can be presented as f k 1
(k = 1 for encoder and k = 2 for 1st layer of decoder). The
last transposed convolutional layer of the generator produces
the final face image.
To leverage the predicted multi-scale face flows, one solution is to construct the target face according to the face flow
c K (x) on source face image x. However, it introduces extra
artifacts due to the estimation errors (see the face images x ·c
on the top of Fig. 2). As a consequence, we instead provide
face flow guidance to the feature representations, but warping
source facial features to follow the target facial patterns.
1 The specific view i is omitted for simplicity.

Fig. 4.
Architecture of our self-selective face fusion model. It has an
k
as
encoder-decoder architecture which takes the warped feature f warped
k
input and produces the spatial weighted mask Mspatial
. The final outk
k
put f updated
is obtained by the element-wise multiplication between f warped

k
and Mspatial
.

The target-view face images are synthesized by warping the
reference-view according to the face flow between adjacent
views. The warping operation on feature f k with its corresponding face flow ck (x) can be represented as:
f wk = war p( f k , ck (x)),

(2)

where war p(·) is the warping operation. Face flows are
leveraged in each upsampling step, and thus multi-scale face
flows are deeply incorporated into the generator.
3) Self-Selective Face Fusion: As mentioned above,
flow-based methods can preserve texture details efficiently,
whereas often introduce unnatural artifacts, even though we
perform warping in feature-level. To further eliminate this
issue, we propose a self-selective face fusion in the generator. It aims to adaptively filter out irrelevant artifacts
while reinforcing salient facial details. As shown in Fig. 4,
the self-selective face fusion module with an encoder-decoder
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architecture, the encoder consists of a convolutional layer and
a Maxpooling layer, and the decoder consists of a transposed
convolutional layer (with Instance Normalization layer [43],
ReLU activation [34] and a Uppooling layer in between) and
a convolutional layer). The self-selective face fusion takes the
warped feature f wk as input and produces the spatial weighted
mask Msk , which has the same height and width with f wk with
one channel to assign weight for the warped feature fwk . Then
we update the warped feature by the weighted combination of
the corresponding spatial weighted mask Msk :
Msk = conv(T conv(conv( f wk ))),
k
= Msk  f wk ,
f up

(3)
(4)

where conv and T conv represent the convolutional and
k denotes the
transposed convolutional layers respectively, f up
updated features, and  denotes element-wise multiplication.
In this way, self-selective face fusion is performed for each
scale and therefore producing artifacts-eliminated features at
multiple levels.
C. Loss Function
Our FFlowGAN model is trained end-to-end by a combined loss function, including the warping-consistency loss,
pixel-wise loss, adversarial loss, identity-preserving loss, and
a total variation loss.
1) Warping-Consistency Loss: The face flow module
is trained under the supervision of target face by a
warping-consistency loss. It constrains the module to learn the
dense correspondence from the source face to the target one.
The 1 norm is taken as the loss function due to its ability
for preserving high frequency information. The corresponding
loss can be presented as:
1
x i+1 − war p(x i , c K (x i ))1 ,
(5)
n
where  · 1 denotes the 1 norm.
2) Pixel Loss: We first use a 1 loss function to minimize
the pixel-wise difference between generated face image and
the ground truth for facilitating the image content consistency,
which can be represented as:
Lwc =

1
x i+1 − G(x i )1 .
(6)
n
3) Adversarial Loss: For capturing the target distribution in
the training process, we train the generator G and its discriminator D in an adversarial manner, where the discriminator tries
to distinguish the real face x i+1 from a synthesized one G(x i ).
In contrast, the generator G tries to fool the discriminator into
believing that the synthesized faces are sampled from the real
data. Concretely, G and D are trained to alternatively optimize
in the following objectives:
L pi x =

LG = E xi ∼ preal [− log(D(G(x i ))],
L D = E xi ∼ psyn [− log(1 − D(G(x i ))]

(7)

+E xi +1 ∼ preal [− log(D(x i+1 ))],

(8)

where preal and psyn denote the distribution of the real
training faces and synthesized faces respectively. Optimizing

the abovementioned objectives will push G(x i ) to match the
data distributions and lead to a photo-realistic result with high
frequency details.
4) Identity-Preserving Loss: For multi-view face synthesis,
the preservation of identity information of the source face is
important. However, the adversarial loss prone to violate the
identity guarantee. As a result, the identity-preserving loss is
further included for this purpose, which can be represented as:
1
φ(x i+1 ) − φ(G(x i ))22 ,
(9)
n
where φ(·) denotes the identity feature extracted from the last
pooling layer in a pre-trained Light CNN [46] and  · 2 is
the vector 2-norm. The identity-preserving loss constrains the
synthesized face image to be with a small distance to the
ground truth image in the feature space, which guarantees the
identity between the inputs.
5) Total Variation Loss: To reduce spike artifacts and
synthesize a smooth face image, we also introduce the total
variation loss Lt v [26] in our training process.
6) Final Objective: The final loss function for training the
whole model is a weighted sum of the above losses:
Lidt =

Lt ot al = λ1 Lwc + λ2 L pi x + λ3 LG + λ4 Lidt + λ5 Lt v ,

(10)

where λ1 , λ2 , λ3 , λ4 , λ5 are weighted parameters to balance
the five loss terms.
D. Unified Back-Propagation
Our FFlowGAN can handle different small rotation angles.
One training strategy is to train the network with arbitrary face
pairs (x i and its next target face x i+1 ), i.e., no progressive
synthesis is involved in training. However, when we apply the
model more than once in a long rotation process, the model
is not robust for the synthesized faces since all the inputs for
training are the real one. Furthermore, each individual rotation
step looks at the next target face only, it cannot preserve
importance features for long-term propagation. As a result,
we propose a unified training strategy for a robust model.
Specifically, we train the network in a chain manner. Given
G
.
an input face x i , the network synthesizes its target face x i+1
G
Then this output serves as the input x i+1 of the next step.
We iteratively do so until we reach the target view. For each
synthesis process, we update the parameters only after the
last step. As a consequence, the entire process consists of
losses from different steps, and they are combined together
for updating the network. In addition, we train our FFlowGAN
with various target views (not necessarily 90◦ ), such that the
model can be well-trained for synthesizing short- or long-term
rotation.
Our model does not require extra information as input
(e.g., input face angle or landmarks) and can generate
multi-view faces. We apply multiple iterations (at most 6) during training and testing, and the user can pick one according to
different purposes (e.g., pick the frontalized result for recognition). In case the user cannot determine the best one, we can
estimate the input face angle in advance using PRNet [11] for
the determination of iterations numbers.
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E. Implementation Details
Our face flow module shares the similar architecture with
FlowNet-SD in [24]. We modify the input channel number
of the first convolutional layer to 3 while that is 6 in the
original FlowNet-SD since it takes two concatenated images as
input. Besides, the flow produced by the original FlowNet-SD
has a quarter resolution of the input image, we extend the
FlowNet-SD with 2 transposed convolutional layers for the
final face flow has the same resolution with the input face
meanwhile a more accurate dense correspondence. The image
size of the source and target faces for training is 128 × 128.
The proposed face flow module could produce 3 face flow
images with different scales, from which we utilize the flows
with size of 32 × 32 and 64 × 64 as the guidance for the face
synthesis module.
All the convolution layers in the generator of the face
synthesis module have filters with size 3 × 3 except the filter
size in the first layer is 7 × 7. Besides the residual blocks and
the first layer, the stride is set to 2 for all convolution layers in
the encoder for halving the height and width of the input and
double the feature channels. Meanwhile, the function decoder
is a mirror structure with the decoder. We set the channel
number of the first convolution layer to 16. In the residual
blocks, the stride is set to 1 and keep the feature channel
number unchanged. In the self-selective face fusion module,
we set the filter size to 2×2 and strides to 2 for pooling layers
and 1 for channel number of the last convolution layer. Also,
the discriminator has the same architecture with the encoder
of generator.
The Light CNN [46] is pre-trained on the MS-Celeb-1M
dataset [18] and serves as our feature extractor. We also follow
the work [23] that flip the profile faces selectively so that
the occluded part are all on the right side for simplicity.
Our network is implemented using PyTorch and we train two
models by feeding the face view data clockwise and counterclockwise. We train our FFlowGAN with various number
of steps using Adam optimizer [29]. The learning rate is set
to 0.0001 and weight decay to 0.0005. The batch size is set
to 32. We empirically set the weighting parameters as λ1 = 10,
λ2 = 10, λ3 = 5, λ4 = 0.002 and λ5 = 0.0001.
IV. E XPERIMENTS
Our FFlowGAN has a light-weight network structure,
the number of parameters of the generator is 16.39M and 1.1M
for the discriminator. Thanks to the light-weighed structure,
it takes about 4ms to rotate a given image to the next angle
on a single GTX 1080Ti GPU.
A. Datasets and Settings
We evaluate the proposed network on four benchmark
datasets:
(1) Multi-PIE [17] is the largest multi-view face recognition dataset under controlled environment. It contains
754,204 images of 337 subjects in 15 poses and 20 illumination conditions and is divided into four sessions. Following
previous works [21], [23], [55], we use images from 13 poses

6029

and 20 illuminations within ±90◦ yaw angles under two different settings. The first setting only uses session-1 (249 subjects)
in which the first 149 subjects constitute the training set and
the rest 100 subjects for testing. The second setting takes all
the subjects (four sessions) into consideration, with the first
200 subjects for training and the rest 137 subjects for testing.
During the test phase, the face with neutral expression and
illumination of each subject is taken as the gallery while all
the other faces as probes.
(2) IJB-A [30] is captured in uncontrolled environment,
which consists of 5,396 images and 20,412 video frames from
500 subjects with large pose variations. We use the standard
evaluation protocol provided by IJB-A, with 10 folders. IJB-A
is leveraged to evaluate the performance of our model in the
wild with large pose variations when the model is trained on
Multi-PIE and CelebA datasets.
(3) CelebA [32] is a large dataset in the wild, which
consists of 202,599 face images from 10,177 identities with
various poses, expressions, and occlusions. Since CelebA does
not provide identity labels, we mainly use it for qualitative
evaluation. Meanwhile, we also include CelebA into our
training set for the evaluation in uncontrolled environments.
Furthermore, since CelebA does not include multi-view samples, we follow [58] to generate pair faces with different views
for training.
(4) LFW [22] is a widely used dataset for face recognition
in uncontrolled environment. It contains 13,223 face images
from 5,729 subjects with a huge variety of expression, pose,
and occlusions. We use LFW to evaluate the performance of
our model trained on Multi-PIE and CelebA.
B. Qualitative Evaluation
Fig. 5 shows the qualitative results on Multi-PIE with faces
synthesized from 0◦ to 90◦ using six input faces at different
angles (i.e., 0◦ , 15◦, 45◦ , 60◦ , 90◦ ). It shows that our model
can rotate the input face to its target face gradually even with
a large pose variation. Meanwhile, fine details (e.g., glasses
and hairs) and global structure can be well preserved.
Fig. 6 also presents the qualitative comparisons with
SPAE [27] for face frontalization on Multi-PIE dataset. Note
that the original SPAE only conduct experiments on the profile
faces with the maximum angle of 45◦ , and it was performed
on the gray images with the resolution of 40 × 32. For a fair
comparison, we re-implemented their method with the same
RGB input as ours and examine larger rotation angles. As we
can see that the faces rotated by SPAE are blurry with ghosting
artifacts. This is because their progressive-only strategy cannot
deal with the highly ambiguous direct face mapping, and
severe artifacts will be accumulated in large-angle rotation.
This drawback is addressed by introducing our unsupervised
face flow.
Fig. 7 shows the frontalization results on IJB-A dataset.
Note that our synthesized frontal faces have the same subtle expressions with the input faces, which shows that our
FFlowGAN is able to preserve fine facial details.
We also present the frontalization process on the CelebA
dataset. As can be seen in Fig. 8, our model could synthesize
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Fig. 5. Multi-view face synthesis from 0◦ to 90◦ on Multi-PIE. Odd columns are the synthesized results, and even columns are their corresponding ground
truth images (inputs are marked in red).

Fig. 6. Qualitative results of FFlowGAN and SPAE [27] on the frontlization
with large pose variations (90◦ ) on Multi-PIE.

the frontal faces gradually with visual-pleasing performance
and the identity is well-preserved at the same time, which
demonstrates the generalizability of our model in uncontrolled
environment.
To further compare with state-of-the-art methods on face
frontalization, we perform a qualitative evaluation on the
LFW dataset to generate the frontal face for a given profile.
As shown in Fig. 9, the frontal faces generated by the
competitors show worse performance than ours. The faces

Fig. 7. Frontalization results on the IJB-A dataset. Our synthesized frontal
face has the same subtle expressions with its corresponding input face.

rotated by SPAE cannot capture the original identity while
being blurry. In addition, some of them also fail to recover
clear global structures and vivid details. On the contrary,
our method produces more realistic faces with identity
well-preserved.
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TABLE I
C OMPARISONS W ITH S TATE - OF - THE -A RT FACE S YNTHESIZE M ETHODS
ON R ANK -1 R ECOGNITION R ATES (%) A CROSS V IEWS AND
I LLUMINATIONS U NDER S ETTING -1 OF M ULTI -PIE

Fig. 8. Our frontalization process on the CelebA dataset. The 1st , 2nd and
3rd raw is the input, intermediate results and the final frontal respectively.

Fig. 9.

TABLE II
C OMPARISONS W ITH S TATE - OF - THE -A RT FACE S YNTHESIZE M ETHODS
ON R ANK -1 R ECOGNITION R ATES (%) A CROSS V IEWS AND
I LLUMINATIONS U NDER S ETTING -2 OF M ULTI -PIE

Face frontalization comparison on the LFW dataset.

C. Quantitative Evaluation
In this section, we quantitatively perform face recognition
and verification experiments on three datasets to evaluate
the identity-preserving capability of our model. Specifically,
we first synthesize the frontal face of all profiles, and then
evaluate the face recognition and verification performance
accordingly. A pre-trained Light CNN model [46] is employed
to extract the features of the input faces, and the cosine
similarity between two face feature vectors is taken as the
similarity metric.
We evaluate the face recognition performance on Multi-PIE
under two experimental settings. The experiment result for
setting-1 is shown in Table I. Similar to qualitative evaluation,
we show both results of SPAE using grayscale and RGB
inputs (denoted with SPAE and SPAE (RGB)). We can see
that our FFlowGAN outperforms SPAE and SPAE (RGB) by
a large margin for all the angles. Furthermore, we can see that
our FFlowGAN outperforms all other competitors for angles
of ±90◦ . Meanwhile, for angles of ±75◦ and ±60◦ , our model
also shows a strong significance.
The experimental results demonstrate that our model can
learn pose-invariant features even though large angles exist.

The result on setting-2 is shown in Table II, in which the
proposed approach also consistently surpasses its competitors,
especially on views with large angle. The above quantitative
results validate that our method is able to preserve the identity
features effectively.
Table III shows the verification and recognition accuracy
performances on the uncontrolled setting of IJB-A dataset.
Although our performance is not the best in recognition, but
we largely outperform the others in the task of verification.
In Table IV we show the verification accuracy and AUC
(area under the curve) results on uncontrolled LFW dataset.
Compared with other methods under in-the-wild setting, our
model shows a better face verification performance on both
ACC and AUC, which demonstrates that our model is robust
to uncontrolled faces.
D. Ablation Study
In this section, we analyze the efficacy of the main components in the network and loss functions of the proposed
method. We compare seven variants: 1) without face flow
module and without the subsequent self-selective face fusion;
2) without the face flow module but with the subsequent
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Fig. 10. Qualitative results of FFlowGAN and its variants on Multi-PIE, From (a) to (j) denote the results of ‘Input’, ‘GT’, variant ‘w/o Lidt ’, variant
‘w/o LG ’, variant ‘w/o L pix ’, variant ‘w/o Ltv ’, variant ‘w/o F, w/o S’, variant ‘w/o F, w/i S’, variant ‘w/i F, w/o S’ and the final FFlowGAN respectively.

TABLE III

TABLE V

C OMPARISONS W ITH S TATE - OF - THE -A RT FACE S YNTHESIZE M ETHODS
ON FACE R ECOGNITION AND V ERIFICATION ON THE IJB-A D ATASET

R ANK -1 R ECOGNITION R ATES (%) OF O UR FF LOW GAN AND I TS
VARIANTS U NDER S ETTING -1 OF M ULTI -PIE. “F” R EPRESENTS
THE FACE F LOW M ODULE AND “S” D ENOTES THE
S ELF -S ELECTIVE FACE F USION

TABLE IV
C OMPARISONS W ITH S TATE - OF - THE -A RT FACE S YNTHESIZE M ETHODS
ON THE FACE V ERIFICATION TASK ON THE LFW D ATASET. R ESULTS
FOR A CCURACY (ACC) AND A REA U NDER THE
C URVE (AUC) A RE P RESENTED

Fig. 11. Qualitative results of FFlowGAN with 12 successive rotation steps
on clockwise and counterclockwise models. The input is marked in red and
the arrows show the rotation direction.

self-selective face fusion; 3) with the face flow module but
without the self-selective face fusion; 4) without the identity information (w/o Lidt ); 5) without adversarial learning
(w/o LG ); 6) without the pixel-wise supervision (w/o L pi x )
and 7) without addressing the spike artifacts (w/o Lt v ).
We show both qualitative and quantitative results on setting-1
of Multi-PIE.
The face recognition performance is shown in Table V.
We can see that the Lidt contributes the most, while Lt v
contributes little to the result. Furthermore, for the plain variant

that without the face flow module and without self-selective
face fusion (w/o F,w/o S), compared with the FFlowGAN,
this variant can still keep a good performance on the angle
of ±90◦ (89.90% vs. 91.62%). However, it drops significantly
on the angles of ±75◦ , ±60◦ , ±45◦ and ±30◦ . Compared
with the face flow module without the self-selective face
fusion (w/o F,w/i S) and the plain variant (w/o F,w/o S),
we can see that (w/o F,w/i S) performs only slightly better
than the plain network (w/o F,w/o S) (even worse on the large
angle of ±90◦ ). On the contrary, the variant (w/i F,w/o S)
outperforms the plain variant (w/o F,w/o S) by a large margin,
which shows that the face flow module contributes the most to
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“edges” between the foreground faces and the background.
Compared them with source and target faces, we can see
that the Ms1 mainly eliminating the artifacts introduced by
face flows globally. Meanwhile, the second spatial weighted
mask Ms2 mainly focuses on the differences between two faces,
especially on the local facial textures, such as mouths, noses
or eyebrows. Our two self-selected face fusion could eliminate
the artifacts in a coarse-to-fine manner. Cooperated with the
face flow module, they could preserve the vivid facial details
meanwhile eliminating the unsatisfied artifacts.
V. C ONCLUSION

Fig. 12. Visualization results on the spatial weighted mask Ms . The 1st ,
2nd columns are the spatial weighted masks with resolutions of 32 × 32 and
64 × 64 respectively. And the 3rd , 4th columns indicate the source and the
next target faces respectively. The brighter color indicates a higher value and
vice versa.

the recognition result. Meanwhile, the final model FFlowGAN
(w/i F,w/i S) outperforms all the other variants.
Fig. 10 illustrates the qualitative results of our FFlowGAN
and its variants. As expected, each loss term boosts the
qualitative performance. If without the face flow module and
without the self-selective face fusion, the qualitative results
tend to be blurry and lack fine details. On the other hand, if the
self-selective face fusion is removed from our FFlowGAN,
although some fine details can be preserved, many other
artifacts are introduced. The last column shows the results
of our final model, which provides more details and is more
visual-appealing.
To examine how the performance degrades with respect to
rotation steps, we also show the results of chaining 12 rotation
steps with our FFlowGAN. As shown in Fig. 11, given a
profile face image with angle of 90◦ as input, our FFlowGAN
can rotate it to different views progressively. The upper row
presents the rotation results of the clockwise model and the
bottom shows the results of counterclockwise model by taking
the synthesized frontal face as input. After 12 rotations, we can
see that our model can still preserve important facial features
and identity, with acceptable accumulative errors.
E. Analysis on Self-Selected Face Fusion
In this section, we give the analysis on our self-selected face
fusion by visualizing its output spatial weighted mask Ms .
As shown in Fig. 12, images in the first column are Ms1
produced by the first self-selected face fusion, and those
in the second column are Ms2 by the second SSF block
(see “SSF” block in Fig. 3). The third columns are the
input source faces and fourth columns are their corresponding
target faces of the next view. We can see the brighter area
(which means a higher value) in Ms1 mainly lie on the

In this paper, we propose a new face flow-guided
GAN (FFlowGAN) method for multi-view face synthesis in
a progressive manner. Our method simplifies the challenging
large-angle face synthesis problem by proposing a series of
easy small-angle synthesis steps. The proposed FFlowGAN
takes advantages of both adversarial learning and flow-based
methods, resulting in identity- and detail-preserved multi-view
faces. Extensive experiments demonstrate the effectiveness
of the proposed method and it outperforms state-of-the-art
methods on four benchmark datasets.
A limitation of our FFlowGAN is that the degree of views
must be a multiple of the “small-angle”, which is determined
by the angle stride of the dataset (i.e., Multi-PIE [17] in our
experiment). In the future, we aim to loosen this limitation to
a free-form rotation.
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