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Abstract—Facial expression editing has attracted increasing
attention with the advance of deep neural networks in recent
years. However, most existing methods suffer from compromised
editing fidelity and limited usability as they either ignore pose
variations (unrealistic editing) or require paired training data
(not easy to collect) for pose controls. This paper presents POCE,
an innovative pose-controllable expression editing network that
can generate realistic facial expressions and head poses simulta-
neously with just unpaired training images. POCE achieves the
more accessible and realistic pose-controllable expression editing
by mapping face images into UV space, where facial expressions
and head poses can be disentangled and edited separately. POCE
has two novel designs. The first is self-supervised UV completion
that allows to complete UV maps sampled under different head
poses, which often suffer from self-occlusions and missing facial
texture. The second is weakly-supervised UV editing that allows
to generate new facial expressions with minimal modification
of facial identity, where the synthesized expression could be con-
trolled by either an expression label or directly transplanted from
a reference UV map via feature transfer. Extensive experiments
show that POCE can learn from unpaired face images effectively,
and the learned model can generate realistic and high-fidelity
facial expressions under various new poses.

Index Terms—Facial Expression Editing, Image Synthesis,
Generative Adversarial Networks.

I. INTRODUCTION

Facial expression editing aims to edit the expression of a
face image without changing the face identity. Automated and
realistic expression editing has attracted increasing interest due
to its wide range of applications in photography, animation,
etc. However, generating high-fidelity expressions is a chal-
lenging task as the human visual system is very sensitive to
tiny changes in facial expressions [1], [2]. While considering
concurrent variations in facial expressions and head poses as in
practical situations, realistic and high-fidelity facial expression
editing becomes even more challenging.

Automated facial expression editing has achieved quite
impressive progress in recent years. One typical approach
is pose-fixed editing that focuses on expression editing only
without handling the head pose of the edited face image.
Leveraging the recent development of generative adversarial

R. Wu is with the Institute for Infocomm Research, Agency for Science,
Technology and Research (A*STAR), Singapore. Partial work done during
study at Nanyang Technological University, Singapore.

Y. Yu, J. Zhang, and S. Lu are with the School of Computer Science and
Engineering, Nanyang Technological University, Singapore.

F. Zhan is with the Nanyang Technological University, Singapore and Max
Planck Institute for Informatics, Germany.

S. Liao is with the Inception Institute of Artificial Intelligence, Abu Dhabi,
United Arab Emirates.

This paper has supplementary downloadable material available at
http://ieeexplore.ieee.org., provided by the author. The material includes
more details and experimental results of the proposed method. Contact
ronglian001 @e.ntu.edu.sg for further questions about this work.

* indicates the corresponding author. Email: shijian.lu@ntu.edu.sg

networks (GANSs) [3], several studies [4]-[7] formulate pose-
fixed expression editing as an unpaired image-to-image trans-
lation task and require just a single source image for inference.
However, these methods suffer from limited realism as head
poses and facial expressions usually vary simultaneously by
nature. Additionally, they require the edited face image to be
frontal or almost frontal and cannot handle many face images
that are under non-frontal poses [4]-[7].

Pose-controllable expression editing aims to edit facial
expressions and head poses simultaneously with minimal
modification of facial identity features. It has been attracting
increasing interest from both academia and industry since
it is better aligned with natural expression changes. Most
existing studies exploit 3D facial structures as extracted by 3D
modeling [8] or deep generative networks [3], but suffer from
two typical constraints. First, they require paired images (i.e.,
face images of the same person with different expressions and
poses) [9], [10] or video sequences [2], [11]-[13] for training,
which are not easy to collect in practice and accordingly limit
the usability of these methods greatly. Second, they usually
condition on facial landmarks that inherently encode facial
expressions, facial identity and head poses altogether [2], [10],
[12]. The editing of such highly entangled expressions and
poses in landmarks tends to introduce undesired modification
of face identity (e.g., face shape), and this degrades the editing
Sfexibility and editing quality greatly.

This paper presents a novel POse-Controllable Expression
editing (POCE) network that can edit facial expressions and
head poses simultaneously with just unpaired training images.
Inspired by the idea of UV maps that project 3D texture to a
2D pose-invariant template with universal per-pixel alignment,
POCE converts face images into UV maps and disentangles
expression editing and pose generation elegantly. Given a face
image, we fit a 3D face model to sample a facial UV map
which allows to edit expressions in the UV space and render
the edited UV to new poses accurately. POCE has two novel
designs that enable pose-controllable expression editing. The
first is self-supervised UV completion that allows to generate
complete UV texture from face images of different poses
with various self-occlusions. The second is weakly supervised
UV editing that allows to generate realistic expressions with
minimal modification of face identity, where the synthesized
expression could be controlled by either an expression la-
bel or directly transplanted from a reference UV map via
feature transfer. Extensive experiments show that POCE can
achieve realistic pose-controllable expression editing with just
unpaired training data.

The contributions of this work are threefold. First, we
propose POCE, an innovative network that can edit facial
expressions and head poses simultaneously with just unpaired
training images. Second, we introduce UV maps for pose-
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The framework of the proposed POCE: Given a Source face, we first fit a 3D face model to the face image to convert it to a Sampled UV where

expression editing and poses generation can be disentangled conveniently. The Sampled UV is then fed to a UV Completion module and a UV Editing module
which complete the UV map and edit the expression conditioned on Relative AUs or transferred from Reference UV via feature transfer, respectively. Finally,
the Edited UV is rendered to novel head poses conditioned on Pose Parameters for generating realistic expressions and poses simultaneously.

controllable facial expression editing. On top of that, we
design novel UV completing and UV editing techniques which
achieve UV completion of self-occluded face images and
identity-preservative expression editing, respectively. Third,
extensive experiments show that POCE achieves superior pose-
controllable expression editing quantitatively and qualitatively.

II. RELATED WORK
A. Facial Expression Editing

Automated expression editing has been studied for years
and most existing works can be grouped into 3D model based
methods and generation based methods.

3D Model based Methods: Classical expression editing
methods model 3D face structures with 3D Morphable Models
(3DMMs). For example, [8] presents the first public 3DMM,
where linear model was created to represent face variations.
[14] introduces a multi-linear model to map one person’s
performance to facial animations of another. [15] designs
Face2Face for expression tracking and re-targeting. 3DMMs
can jointly model expressions and poses, but they tend to pro-
duce blurs due to the Gaussian assumption [16]. In addition,
they require hard-to-collect 3D face scans or videos in training,
which limits their usability greatly.

Generation based Methods: Generation based methods ex-
ploit deep generative networks [3] for facial expression editing.
For example, [4] proposes StarGAN for multi-modality editing
conditioned on discrete expression labels. [5] designs GANi-
mation for continuous expression editing. [6] presents Cascade
EF-GAN for progressive expression editing. [17] introduces
LEED for label-free expression editing. [7] proposes MSF
for fine-grained expression editing. These prior studies can
work with unpaired images, but they can only handle pose-
fixed editing which degrades the editing realism greatly as
expressions and poses usually vary concurrently by nature.
Pose-controllable editing via deep generation has attracted
increasing interest recently. Due to the lack of 3D face struc-
tures, most existing works [2], [10]-[12], [18]-[22] require

paired expression images or video sequences in training,
which impairs their usability greatly. In addition, they usually
condition on facial landmarks [2], [10], [12], [18], [19],
[21] that naturally entangle expressions, identity and poses
rigidly. Several works [11], [13], [20] attempt to use predicable
latent features but they work on entangled expressions and
poses. Recently, [23] introduces DPE, which aims to learn
disentangled pose and expression representations from video
data for portrait editing.

The proposed POCE requires only unpaired images in
training but can edit facial expressions and head poses si-
multaneously. Besides, it converts face images into UV maps
where facial expression editing and head pose generation can
be achieved independently, which improves editing flexibility
and controllability greatly.

B. Image Completion

Image completion aims at filling missing pixels in images.
[24] presents Context Encoder to address hole-filling prob-
lems. [25] introduces multi-scale neural patch synthesis for
preserving contextual structures with high-frequency details.
[26] designs gated convolution to complete irregular holes.
[27] proposes UV-GAN to complete self-occluded UV maps
but requires large-scale incomplete/complete UV pairs (ex-
pensive and time-consuming to collect) in network training.
[28] introduces OSTeC for iterative texture completion, which
needs to be optimized for each image in inference.

The proposed UV completion network completes self-
occluded UV maps in a self-supervised manner without requir-
ing ground-truth UV map. In addition, the trained model can
be applied to images collected from different people, which
makes it accessible and scalable to different users and tasks.

III. PROPOSED METHOD
A. Overview

Fig. 1 shows the POCE pipeline. Inspired by the idea that
UV maps project 3D texture data to a 2D pose-invariant
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Fig. 2. Illustration of the proposed patch-based UV completion network:
Given a Sampled UV as input, an ID Encoder first extracts the face identity
information. A Generator then takes the extracted /D Code and the randomly
sampled macro Coordinate as input to generate a complete macro UV patch.
Specifically, the Generator first generates consecutive micro patches with the
automatically-derived micro coordinates and stitches them to obtain the output
macro patch. The real and generated macro UV patches are then forwarded
to the Discriminator for adversarial learning.
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template, we convert a face image into a UV map where ex-
pression editing and head pose generation can be disentangled
elegantly. Given a Source image, we first fit a 3D face model to
sample a facial UV map which often contains certain missing
regions due to self-occlusions. The Sampled UV is then fed to
the proposed UV Completion which generates missing texture
to produce a Completed UV. The Completed UV is further
fed to the proposed UV Editing that generates Edited UV with
target expression conditioned on Relative AUs or transplanted
from Reference UV. With the head Pose Parameters, the
completed and edited UV map is finally rendered to a target
head pose to achieve pose-controllable expression editing.
More details of UV Completion, UV Editing, 3D Face Fitting
and Rendering will be discussed in the ensuing subsections.

B. UV Completion

Due to self-occlusions, the facial UV map sampled from
face image is usually incomplete with missing texture, which
affects both realistic expression editing and new poses gen-
eration. We design a UV completion technique that learns
to complete UV map in a patch-based manner, which can
generate complete UV maps from incomplete ones and provide
realistic texture for face rendering under various new poses.

1) Network Overview: As illustrated in Fig. 2, our patch-
based UV completion network consists of an identity encoder
Ej, a generator GG, and a discriminator D.. Given a sampled
UV map, E; first extracts identity information which is shared
among all patches of the same face image. GG, then generates
a complete macro UV patch based on the extracted iden-
tity information and a randomly sampled macro coordinate.
Specifically, G first generates consecutive micro patches
with the micro coordinates derived from the sampled macro
coordinate and stitches them to obtain the macro patch. D,
aims to distinguish the generated macro patches against real
ones (that cropped from incomplete UV maps) and it guides
the generator to synthesize coherent contents for adjacent
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Fig. 3. Illustrations of the coordinate systems in the proposed UV completion:
(a) shows a sampled UV, (b) illustrates the macro (s) and micro (c) coordinate
systems used in our design, and (c) illustrates the macro and micro patches
used for training the UV completion network.
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micro patches in an adversarial manner. Once the model is
trained, it synthesizes patches at all coordinates and stitches
them as a completed UV map.

2) Patch-based UV Completion: Most existing UV comple-
tion methods are trained with paired UV including a sampled
incomplete UV map and a complete UV map (as the ground
truth in supervised training) of the same person [27], but
capturing complete face UV has various restrictions in equip-
ment (requiring 3D scanner or multi-view cameras), portraiture
light, etc. To the best of our knowledge, only one public
dataset provides complete UV [27], but the UV maps are
collected in lab environments, which do not generalize well
to face images in the wild. We design a patch-based UV
completion network that can complete UV maps in a self-
supervised manner without requiring complete ground-truth
UV. Our design is inspired by the observations that UV maps
are highly aligned (with universal per-pixel alignment) in the
2D pose-invariant template and the sampled UV is composed
of visible texture in a continuous region. We can thus crop
complete UV patches from different locations of incomplete
UVs though we do not have complete UV in training. With the
cropped patches, our UV completion learns to complete UV in
a patch-based manner conditioning on the spatial coordinates
and face identity as extracted from incomplete UV.

3) Coordinate System: The proposed UV completion mod-
ule learns to complete facial UV maps in a patch-based
manner without requiring paired UV data for network training.
The trained UV completion model can synthesize patches at
all coordinates and stitch them to obtain a completed UV
map. A coordinate system is thus required for providing
spatial guidance. Our idea of designing the coordinate system
is straightforward: it divides a UV map into multiple non-
overlapping patches and assigns a unique coordinate to each
patch to encode the spatial location information.

However, directly generating patches and stitching them
together often leads to artifacts around the patch boundaries
and affects realistic UV completion. Inspired by [29], we
address this issue by training the network to generate con-
secutive micro patches and stitch them to form a macro patch,
and introducing an adversarial loss to penalize the incoherent
contents within the stitched macro patch. This strategy encour-
ages the network to generate seamless boundaries for adjacent
micro patches, which helps suppress the artifacts effectively.
To this end, we design micro and macro coordinate systems
for handling patches of different sizes as illustrated in Fig. 3.
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Fig. 4. Illustration of the proposed UV editing network: The Mapping Network first transforms the Completed UV and Relative AUs to the latent Embedding
that encodes source identity attribute and desired facial expression. The Generator then takes as input the Embedding and the Constant Tensor that encodes
the coarse geometry prior shared among all UV maps to produce Edited UV. Detailed structure of the modulation block (Mod Blk) is shown on the right.

Specifically, the micro coordinate system divides a UV map
into m by n micro patches without overlapping:

C1,1 C1,2 Cl,n
C21 €22 C2n

- )
Cm,1 Cm,2 Cm,n

s

while the macro coordinate system is defined as:

S1,1 51,2 S1,n’
52,1 522 o S2n/
S - . . . . 9
Sm/, 1 Sm/2 Sm/,n’
where S; ; = [Ci:itp—1:j+q—1). indicating that the macro

patch is formed by p X ¢ consecutive micro patches. p and
q denote the number of micro patches that construct a macro
patch in horizontal and vertical directions, respectively. With
the given notations, we can easily derive m’ = m — p + 1,
n=n—q+1.

We crop all macro UV patches from each incomplete UV in
a raster-scan order according to the macro coordinate system,
and empirically treat patches that contain more than 95% valid
pixels as complete UV patches.

4) Loss Functions: The loss for training the UV completion
network consists of four terms:

EC = ‘Cad'u_c + )\coorﬁcoor + )\contﬁcont + )\symﬁsyrru (1)

where the weights As are used to balance each component.

The first term is a patch-level adversarial loss that guides
the discriminator to distinguish real/generated UV patches and
the generator to generate complete and realistic patches:

[/adv_c :E’[DC(’I”G)] - E[DC(T;%)]

- , @
+ AE[([[VDe(T) |2 = 1)7],

where T%, is the generated UV patch with coordinates s°, T%
is the real complete UV patch with coordinates s/ cropped
from the visible region, T is the interpolated data introduced
in [30] and A, is the balancing weight.

The second term is the coordinate regression loss that guides
the generator to align the generated patches with the given
spatial coordinates. Specifically, we add an auxiliary head on

top of the discriminator to predict spatial coordinate, and apply
L2 loss on the coordinates of both generated and real patches:

Leoor = E[||Do(Tg) = s'13] + E[|D2(T%) = s[I3], )
where D, is the coordinate regression head on top of D..

The third term is the content loss that penalizes the differ-
ence between the generated UV and the sampled UV for the
regions with valid texture. It encourages the network to retain
the valid UV texture as faithfully as possible while generating
missing texture, and helps preserve the identity information
of the sampled UV. Specifically, we penalize L1 difference
between the generated patch and the one cropped from UV,
at the same location (for the regions with valid texture):

Econt :EH(TZG’_TlR)(ngHl? (4)

where ® denotes element-wise multiplication, M? is a binary
mask that indicates the validity of the texture within the
sampled UV patch. The obtaining process of M? will be
introduced in Section IIL.D.

The last term is the symmetry loss that exploits facial
symmetry to guide the network to generate missing texture:

Loym = (T& — flip(TZ)) |1, (5)

where flip(Tg') is the horizontal flipped patch (at mirror
location) of T%,.

C. UV Editing

With a completed UV map, the proposed UV editing net-
work aims to edit its expression with minimal modification of
facial identity features. We employ the widely adopted Facial
Action Coding System (FACS) [31] to describe facial expres-
sions in terms of the intensities of continuous Action Units
(AUs). Specifically, we exploit relative AUs as expression
conditions for training the UV editing network and design a
modulation-based generator that incorporates spatially-varying
modulation to edit the facial expressions. Once the model is
trained, it allows to edit facial expressions that can be either
controlled by the relative AUs that encode desired expression
information or directly transplanted from a reference UV map
via feature transfer.



1) Network Overview: As illustrated in Fig. 4, our UV
editing network consists of a mapping network M., a generator
G and a discriminator D.. M, takes the completed UV map
(by UV completion network) and relative AUs as input, and
maps them to the latent embedding that encodes the identity
attribute of source UV map as well as the desired facial
expression. GG, then takes the embedding and a constant tensor
that encodes the coarse geometry prior that is shared among
all UV maps as input to generate an edited UV with target
expression. D, evaluates the photo-realism of edited UV and
examines whether it contains desired expression information.

2) Relative AUs: Inspired by [7], [32] that use difference
vector to control image attributes, we train the UV editing net-
work conditioning on relative AUs (AU,.¢;), which are defined
as the difference between the AUs of source image (AUs,..)
and target AUs (AU,g4) that encode desired expressions:

AUrel = AUtgt - AUsrc- (6)

Training the UV editing network conditioning on relative
AUs has three benefits. First, relative AUs can better guide
the network to focus on interested regions as compared with
absolute AUs. Existing works [5], [6] feed absolute AUs
and a source image to the network which first predicts an
attention map to identify regions-of-interest and then performs
editing. This requires the network to implicitly estimate source
AUs and compare them with target AUs to generate the
attention map. In contrast, utilizing relative AUs allows the
residual information to be explicitly injected into the network,
which guides the network to focus on the interested regions
and makes it converge faster. Second, using relative AUs
helps generate more accurate editing especially when only
specific facial regions require editing. To edit specific regions,
models using absolute AUs need to estimate the corresponding
AUs in source face, modify their intensities and generate
edited expression with the modified AUs. However, the AU
estimation may suffer from errors, which leads to editing of
unrelated facial attributes. With relative AUs, models just need
to modify relative AUs intensities of interested regions and set
the intensities of remaining AUs to zero. This mitigates un-
desired AU manipulations and leads to more accurate editing.
Third, editing facial expressions conditioning on relative AUs
facilitates the trained model to edit expressions by directly
transplanting the expression from the reference UV map to
the source UV via feature transfer (more details to be shared
in Section II1-C4).

3) Modulation-based Generator: Most existing facial ex-
pression editing models [4]-[6] employ encoder-decoder ar-
chitecture to generate the edited output. They first leverage
an encoder to transform the source images to high-level
representations, and then forward them to a decoder to produce
the editing results. However, as discussed in [32], the encoder-
decoder architecture tends to discard fine details of source
images, leading to blurry editing results. In addition, the
learned representations are unstructured which do not support
facial expression editing via feature transfer (i.e., replacing
partial representations of the source image with that of the
reference image to achieve expression editing).

To mitigate the above issues, we design a modulation-based
generator that incorporates spatially-varying modulation [33]-
[35] for expression editing in UV maps. The idea of designing
the modulation-based generator is inspired by the observation
that UV maps project 3D facial texture to a 2D pose-invariant
template with universal per-pixel alignment, i.e., the facial
features of different people (e.g., eyes, nose and mouth) are
projected to similar location in the UV map. Hence, the
UV maps of different people with different expressions share
similar underlying geometry but vary in detailed texture infor-
mation only. With this observation, the proposed modulation-
based generator takes a constant tensor ¢t € RO4*8X8 ag
initial input to encode the coarse geometry prior that is shared
among all facial UV maps. It then forwards ¢ to multiple
modulation blocks, which gradually produce feature maps of
higher spatial resolution and inject detailed texture informa-
tion into the feature maps (via spatially-varying modulation).
Finally, the generator transforms the output feature maps of
the last modulation block to the edited UV that combines
the desired facial expression and the identity attribute of the
source UV. Since the generator is differentiable in its input, we
follow [36] to optimize ¢ together with the network weights
via backpropagation in network training, aiming to find the
optimal ¢ that effectively encodes the coarse geometry shared
among all UV maps. Once ¢ is searched, it is frozen and
used as a fixed input (or “constant”) to the expression editing
network for editing across different faces. Note the method
in [36] focuses on learning a 1D pose vector for transforming
unaligned images into a canonical view. We instead optimize
a 3D tensor to encode the coarse geometry (shared among all
UV maps) to facilitate expression editing.

The modulation block modulates the feature maps with
spatially-varying modulation parameters. These parameters are
learned from the latent embedding (produced by a mapping
network) that encodes the desired facial expression as well as
the identity attribute of the source UV map. The modulation
operation of the i-th modulation block could be formulated as:

fi_Mz’)

%

fir1=(n® & B, (7
where f; is the input feature maps (fy = t), u; and o; are
the mean and standard deviation of f;, v; and (; are the
modulation parameters which have the same size as f;, ®
and @ denote the element-wise multiplication and addition
operation, respectively.

With the modulation blocks, the designed generator can
generate much sharper editing results than most existing
methods [4]-[6] that employ an encoder-decoder architecture.
In addition, the constant tensor and element-wise modulation
explicitly help the generator build spatial connection between
the modulated parameters and the output UV map. As a result,
partial change in the modulated parameters will lead to local
editing on the generated UV, which enables to edit facial
expression via feature transfer.

4) Expression Editing via Feature Transfer: In addition to
edit expressions conditioning on relative AUs, the trained UV
editing network allows to directly transplant expression from
reference UV to source UV via feature transfer with respective
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Fig. 5. Illustration of the proposed expression editing via feature transfer

pipeline: The Source UV and Reference UV are first fed to the well-trained
Mapping Network together with the Zeroized Relative AUs (where all elements
are set to 0) to retrieve the corresponding embeddings (esr. and e, 1) that
encode the identity and expression of the original UV maps. esrc is then
blended with e,y with respective to a given Mask to transfer the expression-
related features from €.y t0 €src. Finally, the edited embedding ecq;¢ is
forwarded to the trained Generator together with the Constant Tensor to
produce the Edited UV that combines the facial expression of the reference
UV and the identity attribute of the source UV.

to a given mask. Note that the mask could be in any shape,
which allows to simultaneously transfer expression around
eyes, nose and mouth regions (that contain most expression-
related information [6], [37], [38]), or just partial expression
around interested facial region (e.g., eyes only or mouth only).
In this way, we can flexibly transfer the desired expression
from reference to source UV without requiring any expression
annotation, which improves the editing flexibility greatly.

Fig. 5 shows the expression editing via feature transfer
pipeline. Given the source UV and the reference UV that
provide identity and desired expression information, we first
forward them to the trained mapping network together with
the zeroized relative AUs (where all elements are set to 0)
to retrieve the corresponding embeddings (es,. and e,.r) that
encode the identity and expression information of the original
UV. We then apply alpha blending to e,,. and e,y to obtain
the edited embedding e.q;¢:

€edit = M @ Eref D (1 - m) @ esre, 3

where m is a binary mask that is resized by max pooling
to match the spatial resolution of the embeddings, ® and
@ are the same as Eq. (7). As discussed in Section III-C3,
the embedding is mapped to spatially-varying modulation
parameters which inject detailed texture information into the
feature maps in an element-wise manipulation manner. Trans-
ferring the reference embedding e,.; around eyes, nose and
mouth regions to that of e,. thus transfers most expression
information from the reference UV to the source UV. At the
other end, partial embedding transfer leads to local expression
editing, where the edited regions can be specified by masks
as illustrated in Fig. 7. Note we perform feature transfer on
the modulation parameters which have larger spatial resolution
(than the embedding) to achieve fine-grained manipulation in
the experiments, but we explain the transfer operation on the
embedding for simplicity.

Finally, we forward the edited embedding e.q;; as well as
the constant tensor ¢ to the trained generator to produce the
edited UV map that combines the identity attribute of source
UV and the expression attribute of reference UV.

5) Loss Functions: The objective function for training the
UV editing network consists of three terms:

EE = Eadv_e + Aexpﬁeacp + )\cyc‘ccyc- (9)

The first term is an adversarial loss [30] for improving the
photo-realism of the edited UV:

['adv_e :E[DG(U‘/STCH - E[De(UV;:dit)]

- , (10)
T AE[(|[VD(UV)]|2 — 1)?],

UVeait = Ge (Me(UVsrw AUT@[)) t)a (1D
where UV, is the completed source UV map (by UV
completion/\network), UV.qir is the output of UV editing
network, UV is the interpolated data introduced in [30] and
Ae is the balancing weight, respectively.

The second term is a conditional expression loss that guides
the generator to generate a UV map with desired expression:

ﬁemp :E[”Dy(UVSTC) - AUSTCH@

5 12)
+ E[[| Dy (UVeait) — AUsgt|[3];

where D, is the AUs regression head on top of D..

The third term is a cycle reconstruction loss that guides the
generator to keep facial identity and personal attributes of the
source UV after editing:

£cyc :EHU‘/ST‘C -
E||UVspe —

Ge(Me(UVge, 0), 1)1 +

(13)
Ge (Me(U‘/edih _AUT’El)J t) || 1

D. 3D Face Fitting and Rendering

1) 3D Face Fitting: We fit a pre-trained 3DMM to face
images to derive facial UV maps, which serves as a prereq-
uisite step for our method. A number of open-source 3DMM
models are available [39]-[41] and we adopt 3DDFA [39] in
our experiments, which is lightweight and capable of real-time
image processing. Specifically, we apply 3DDFA to estimate
3D face shape S and head pose P from the face image I:

{8, P} = Fitting(I), (14)
where P is parameterized by Euler’s angles (pitch, yaw,
roll), translation and a face scale factor. The 3D face is then
projected to the image plane with weak perspective projection
and the facial UV map UVj,,, can be sampled from I with
the standard rasterization pipeline [42]:

{UViam, M} = F(I,V(S,P)), (15)
where F denotes the sampling operation, V denotes the
projection operation and M is a binary mask indicating the
validity of the texture within the sampled UV, which can be
obtained by employing depth buffer-based method [39].
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Fig. 6. Expression and pose editing by the proposed POCE over MultiPIE and RaFD: In each sub-figure, the first column shows the source images, and the
first row shows the reference images with target expressions. The rest rows and columns show our editing. POCE is capable of editing facial expressions and

head poses realistically and simultaneously in a disentangled manner.
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Fig. 7. Facial expression editing via feature transfer by POCE over MultiPIE and RaFD: Given a mask, POCE can transfer expression information around
interested facial regions from reference UV to source UV and achieve editing of partial expression effectively. In each sub-figure, rows 1, 2 and 3 show the
expression editing around eyes+nose+mouth, eyes only, and mouth only, respectively.

2) Rendering: The sampled UV map is fed to our UV
completion and UV editing modules for generating complete
texture and editing expression, respectively. With a completed
and edited UV map UV,4;, we can render it to target pose
Ptgt (which could be either tuned by user or estimated from
a reference image) with an off-the-shelf renderer to achieve
pose-controllable expression editing:

Ioutput = R(Uvedita Sa Ptgt), (16)

where R denotes the renderer. In our implementation, we use
an open-sourced renderer [43] to perform rendering without
any training.

IV. EXPERIMENTS

A. Settings

Datasets: The proposed POCE is evaluated over datasets
MultiPIE [44] and Radboud Faces (RaFD) [45]. MultiPIE
consists of more than 750,000 images of 337 identities show-
ing different facial expressions. RaFD contains 8,040 facial
expression images of 67 participants collected from different
viewpoints. We randomly sample 90% images for training and
the rest for testing for both datasets.

Evaluation Metrics: We perform quantitative evaluations and
comparisons with several widely adopted metrics as follows:
e Identity Embedding Distance (IED). IED measures L2
distances between the embedded features of source and edited
faces that are extracted by a pre-trained face recognition
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Fig. 8. Expression editing by POCE and the state-of-the-art methods over MultiPIE and RaFD: In each sub-figure, columns 1-3 show the editing over
MultiPIE images while columns 4-6 show the editing over RaFD images. POCE-FE and POCE-AU indicate the POCE editing results generated via feature
transfer and conditioning on relative AUs, respectively. It can be seen that POCE can produce more realistic editing with better details and less artifacts than
the state-of-the-art methods in both pose-fixed and pose-controllable expression editing.

model [46]. A lower IED indicates better identity preservation
of the edited face images.

e Expression Distance (EXD). EXD measures L2 distances
between the AUs intensities of reference and edited faces esti-
mated by OpenFace [47]. Lower EXDs mean higher similarity
between the expressions of the edited and reference faces.

e Fréchet Inception Distance (FID) [48] and Inception Score
(IS) [49]. FID and IS are computed based on the extracted
features of pre-trained models [50], [51]. Lower FID and
higher IS indicate better image quality of the edited faces.

e Subjective evaluations. We also conducted Amazon-
Mechanical-Turk (AMT) user studies to evaluate the percep-
tual realism of the edited images. Specifically, the subjects
are tasked to evaluate the editing quality based on different
criteria. The first is Realism Assessment (RA), where the
subjects are presented with real and edited images and tasked
to tell whether the images are real or fake by providing their
ratings from 1 to 5. The second is Expression Similarity (ES),
where the subjects are presented with a pair of images that
consist of a reference image and an edited image (by different
methods) and tasked to evaluate whether they contain similar
facial expression by providing their ratings from 1 to 5. The
third is User Preference (UP), where the subjects are presented
with a reference image and a set of randomly-ordered images
edited by different methods, and tasked to identify the most
realistic one. We report mean opinion score of the ratings
collected from the AMT users, where larger scores indicates

better perceptual quality of the edited images.
Implementation Details: The UV completion and UV editing
networks are trained separately. Specifically, we first train
the UV completion network with the sampled UV until it
converges. Then we use the completed UV maps (generated
by the well-trained UV completion network) to train the UV
editing network. The training is conducted on a single GeForce
RTX 2080 Ti GPU with 11 GB memory and the size of UV
maps is set to 256 x 256 in all the experiments.

e UV Completion Training Details: We use Adam opti-
mizer [52] with 87 = 0 and B2 = 0.999 to optimize the
parameters. We set Ac, Acoors Acont and Agym to 100, 10,
1 and 10 to balance different losses. The size of the micro
patch is set to 64 x 64 and 2 X 2 micro patches are stitched
to construct a macro patch. The batch size is 2 and the total
number of epochs is 30. The learning rate is le-4 for the first
15 epochs, then it linearly decays to O over another 15 epochs.
e UV Editing Training Details: We use Adam optimizer [52]
with $; = 0.5 and B2 = 0.999 to optimize the parameters.
We set Ae, Aezp and Acone to 10, 1 and 1 to balance different
losses. The batch size is set to 4. The total number of epochs
is set to 100. The learning rate is set to 2e-4 for the first 50
epochs, then it linearly decays to O over another 50 epochs.

B. Experimental Results

Pose-Controllable Expression Editing: The proposed POCE
can edit facial expressions and head poses simultaneously and



QUANTITATIVE COMPARISONS OF POSE-FIXED EXPRESSION EDITING BETWEEN POCE AND SOTA METHODS OVER MULTIPIE AND RAFD.

TABLE I

QUANTITATIVE COMPARISONS OF POSE-CONTROLLABLE EXPRESSION EDITING BETWEEN

Dataset Methods I[ED] EXD| FID| IST RAf EST UP?
Real - - 000 1578 449 - -
GANimation [5] | 0470 0433 3176 1405  1.98 1.83 0.04
MUltiPIE [44] MSF [7] 0406 0408 2504 1434 251 202 0.12
DPE [23] 0361 0366 22.64 1483  3.64 380 0.3
POCE-FE 0365 0342 2082 1510 390 436 029
POCE-AU 0.348 0357 2043 1522 397 411 0.32
Real - - 000 1819 425 - -
GANimation [5] | 0.632 0329 14.18 1586 1.34 2.59 0.02
RaFD [45] MSF [7] 0493 0306 955 1.644 2.84 324 0.1
DPE [23] 0446 0287 809 1.691  3.52 3.77 0.19
POCE-FE 0434 0274 753 1726 403 445 0.38
POCE-AU 0427 0281 741 1737 396 422 030
TABLE II

POCE AND SOTA METHODS OVER MULTIPIE AND RAFD.

Dataset Methods I[ED] EXD| FID| IST RA{ EST UP?
Real - - 000 1.681 4.66 - -

FSTH [2] 0.872 0518 27.04 1499  1.50 1.94  0.05

MulGPIE (44 | FOMM [13] 0.858 0.543 2457 1587  2.78 2.87 0.15

DPE [23] 0.866 0.537 2352 1.602  3.02 3.51 0.23

POCE-FE 0.831 0479 2001 1.635 404 420 027

POCE-AU 0.820 0492 1946 1.640 413  4.09 0.30
Real - - 000 1767 425 - -

FSTH [2] 1.174 0409 1359 1610  2.11 1.88 0.10

RaFD [45] FOMM [13] 1.085 0424 1228 1.626  3.29 292 0.18

DPE [23] 1.577 0528 1445 1581 1.62 1.63 0.05

POCE-FE 0924 0338 1073 1.652  3.57 370 0.36

POCE-AU 0.897 0366 1035 1.663 374 398 031

it just requires unpaired images in training. Fig. 6 illustrates
the editing of a few sample images from MultiPIE [44] and
RaFD [45]. Specifically, we first use OpenFace [47] to extract
the AUs intensities of source and reference images to derive
relative AUs, then feed the source images as well as the relative
AUs to POCE to produce the editing results. It can be seen
that POCE can edit expressions and poses simultaneously
without changing the facial identity, and even successfully
generate extreme expressions as shown in the third column
over MultiPIE [44]. More importantly, POCE edits expressions
and poses in a disentangled manner, which translates to great
editing flexibility by allowing to edit expressions only, poses
only, or both of them with expressions and poses from different
reference images. The superior editing usability and flexibility
are largely attributed to the proposed disentangling approach
within the UV space.

Facial Expression Editing via Feature Transfer: Beyond
expression editing over relative AUs, POCE allows direct ex-
pression transfer (from reference UV to source UV) via feature
transfer with given masks. Fig. 7 illustrates the editing of a few
samples from MultiPIE [44] and RaFD [45]. Specifically, the
trained UV completion network first generates the completed
source and reference UV maps, which are then fed to the

UV editing network (together with masks that indicate the
regions to be edited) to produce the edited UV. Note that the
mask could be in any shape, which allows to flexibly transfer
expression information around interested facial regions from
reference UV to source UV without any expression annota-
tions. The superior editing flexibility is largely attributed to
our proposed modulation-based generator.

Qualitative Evaluation: We first compare POCE with the
state-of-the-art pose-fixed expression editing methods GAN-
imation [5], MSF [7] and DPE [23] in Fig. 8(a), where
non-facial regions are masked for better comparisons. POCE,
GANimation [5] and MSF [7] are trained with continuous
AUs intensities extracted by OpenFace [47], while DPE [23]
is trained to learn disentangled pose and expression represen-
tations from video data. POCE-FE and POCE-AU indicate the
editing results generated via feature transfer and conditioning
on relative AUs, respectively. As Fig. 8(a) shows, GANima-
tion [5], MSF [7] and DPE [23] tend to generate blurs and
artifacts and even corrupted facial regions around mouths.
Furthermore, their generated images show inconsistent ex-
pression intensity with the reference images (e.g., samples in
column 1, 2 and 5). POCE can instead generate more realistic
expressions with much less blurs and better consistency with
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Fig. 9. Qualitative ablation study of POCE on MultiPIE: The proposed micro patch design helps generate better details and less artifacts as compared with
w/o Micro in UV completion. In addition, including the modulation block (Mod) and relative AUs (AU,..;) helps generate more realistic facial details and

more consistent expression intensity in UV editing.

Source UV Reference UV Mask w/o CT w/ CT (ours)

Fig. 10. Qualitative ablation study of POCE’s expression editing via feature
transfer on MultiPIE: Without using the constant tensor (CT), the produced

UV maps are degraded by inconsistent expression intensity and altered person
identity after feature transfer.

the reference images. The better editing is largely attributed to
our designed modulation-based generator that helps generate
better facial details and edit expressions more precisely. In
addition, GANimation [5] and MSF [7] cannot generate new
poses in editing, while POCE can edit expressions and poses
simultaneously as shown in Fig. 6.

We then compare POCE with FSTH [2], FOMM [13] and
DPE [23] for pose-controllable expression editing in Fig. 8(b),
where non-facial regions are masked for better comparisons.
FSTH [2] and FOMM [13] are trained with paired data, and
they generate edited faces conditioned on facial landmarks and
the predicted optical flows, respectively. As Fig. 8(b) shows,
FSTH [2] and FOMM [13] tend to generate degraded facial
details and inconsistent expressions with reference images,
and they fail to preserve facial identity in some editing (e.g.,
samples in column 2 and 5). One possible reason is landmarks
and the predicted flows cannot capture fine-grained expression
details and inevitably encode certain identity information of
the reference face. DPE [23] struggles to generate realistic
editing when the source and reference images have very
different pose (e.g., samples in column 3, 5 and 6). POCE can
instead generate more realistic expressions with less blurs and
it preserves facial identity better as well. In addition, FSTH [2]
and FOMM [13] edit expressions and poses in an entangled
manner, and DPE [23] requires a reference image with desired

TABLE III
QUANTITATIVE ABLATION STUDY OF POCE oN MULTIPIE.

Models I[ED] EXD] FID| ISt
w/o Micro 0.872 0535 2519  1.581
w/o Mod 0.866 0547 2634 1560
W/o AU, 0.828 0513 1978  1.631

wlo CT 0.839 0506 20.12  1.625

POCE 0.820 0492 1946  1.640

pose and expression as guidance for editing. On the other
hand, POCE allows to freely control pose and expressions
using interpretable visual signals as illustrated in Fig. 6, which
achieves much better editing flexibility.

Quantitative Evaluation: Table I shows quantitative com-
parisons of pose-fixed expression editing over MultiPIE [44]
and RaFD [45]. We can see POCE consistently performs
the best over all metrics. For identity preservation, POCE-
AU achieved the best IED compared with the state-of-the-art
methods. For expression editing accuracy, POCE-FE obtained
the best EXD as it directly blends the expression-related
features from reference to source UV, leading to more accu-
rate expression editing. For perceptual quality, POCE-FE and
POCE-AU consistently outperform other competitive methods
on MultiPIE [44] and RaFD [45], with an improvement of FID
by 2.21 and 0.68 as well as IS by 2.63% and 2.72%. Further,
the POCE edited images obtained clearly higher scores in the
user studies, which demonstrates the superiority of POCE in
generating more realistic editing and more consistent expres-
sions with respect to the reference images.

We also compare POCE with FSTH [2], FOMM [13] and
DPE [23] over MultiPIE [44] and RaFD [45] with the same
metrics. As Table II shows, POCE clearly outperforms the
competing methods under different metrics, which suggests
POCE can achieve more realistic synthesis in pose-controllable
expression editing.

C. Discussion

Ablation Study: We first study how our proposed micro patch
generation, modulation block and relative AUs contribute
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Fig. 11. Continuous expression editing by POCE: Given source images in (a) and reference images in (c), POCE can edit expressions by either interpolation

or extrapolation over the relative AUs as shown in (b) and (d).

Reference POCE-Rendered FSTH POCE-Blended

Source )

Reference POCE-Rendered FOMM POCE-Blended

Source

Fig. 12. Face blending by the proposed POCE over MultiPIE (first row), RaFD (second row) and wild images (last row): The POCE-rendered images can
be seamlessly blended with FSTH [2] and FOMM [13] outputs to generate realistic images.

to the UV completion and UV editing. As Fig. 9 shows,
including the proposed micro patch generation improves the
UV completion in both smoothness and realism as compared
with direct UV completion (w/o Micro) which produces incon-
sistent facial texture. In addition, the edited UV maps suffer
from blurred facial details if we replace the modulation block
with transposed convolutional layer (w/o Mod), and they tend
to contain inconsistent expression intensity with the reference
images (e.g., the mouth region) without using relative AUs
(w/lo AU,.;). Including the modulation block and relative
AUs clearly produces sharper details and better expression
consistency with the reference images.

We next study the contribution of the proposed constant
tensor (CT) in expression editing via feature transfer. As
described in Section III-C3, the constant tensor encodes coarse
geometry prior that is shared among all UV maps. The gener-
ator takes the same constant tensor as initial input, gradually
injects detailed texture information into it conditioning on
the modulation parameters, and finally produces edited UV
with desired expressions. In this process, the constant tensor
serves as an anchor that helps the generator build spatial
connection between the modulated parameters and the output
UV map, which enables expression editing via feature transfer.
The generator fails to learn such connection if we replace
the constant tensor with randomly sampled Gaussian noise in
network training (w/o CT), leading to inconsistent expression

intensity and altered identity information in the produced UV
maps as illustrated in Fig. 10.

We also conduct quantitative experiments to evaluate the
contributions of each component. Table III shows the exper-
imental results. The quantitative experimental results further
verify the effectiveness of our proposed techniques.
Continuous Expression Editing: POCE can be easily
adapted to generate continuous facial expressions. Given rela-
tive AUs between the source and the reference images, inter-
mediate relative AUs of different stages can be simply derived
by linear interpolation. Continuous facial expressions can thus
be generated from the source images and the interpolated AUs
by POCE as illustrated in Fig. 11.

Face Blending: As facial UV maps are sampled from ear-to-
ear facial region, the POCE rendered images do not capture
hair and image background. This limitation is shared among
most existing 3D face editing methods [27], [42], [53]-[55].
We introduce face blending to mitigate this problem. Specifi-
cally, we first generate the target head pose with existing pose-
controllable expression editing model, which usually contains
corrupted facial features and inconsistent expression with the
reference image, and then blend it with the POCE-rendered
expression via Poisson editing [56]. In Fig. 12, we seamlessly
blend the POCE-rendered faces to the outputs of FSTH [2]
and FOMM [13] to generate realistic editing results.

Expression Editing on Wild Images: To evaluate the gener-



alization ability of our proposed method beyond lab settings,
we further train our model on the 300W-LP dataset [39],
which consists of 61,225 face images of various poses that are
captured in both indoor and outdoor environments. As shown
in the last row of Fig. 12, POCE successfully edits facial
expressions and head poses successfully while maintaining
identity information and personal attributes well (e.g., mus-
tache and eyeglasses), demonstrating the robustness of POCE
in handling diverse and uncontrolled images.

Ethical Considerations: With the convenience of generating
pose-controllable expression editing faces from unpaired im-
ages, POCE could be misused by immoralists to spread misin-
formation. To avoid improper uses, we will include watermark
to generated faces to indicate that they are synthetic.

V. CONCLUSION

This paper presents POCE for pose-controllable expression
editing with just unpaired training data. Our method con-
verts face images into UV maps and disentangles expression
editing and head pose generation elegantly. We propose self-
supervised UV completion and weakly-supervised UV edit-
ing to complete the missing facial textures on the sampled
UV maps and edit expression information on the completed
UV, respectively. Extensive experiments show that POCE can
generate realistic facial expressions and head poses simultane-
ously. We expect POCE will inspire new insights and attract
more interests for better expression editing in the near future.
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