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Abstract—While several research studies have focused on ana-
lyzing human behavior and, in particular, emotional signals from
visual data, the problem of synthesizing face video sequences
with specific attributes (e.g. age, facial expressions) received
much less attention. This paper proposes a novel deep generative
model able to produce face videos from a given image of a
neutral face and a label indicating a specific facial expression, e.g.
spontaneous smile. Our framework consists of two main building
blocks: an image generator and a frame sequence generator. The
image generator is implemented as a deep neural model which
combines generative adversarial networks and variational auto-
encoders, while the sequence generator is a label-conditioned
recurrent neural network. In the proposed framework, given
as input a neural face and a label, the sequence generator
outputs a set of hidden representations with smooth transitions
corresponding to video frames. Then, the image generator is
used to decode the hidden representations into the actual face
images. To impose that the net generates videos consistent with
the given label, a novel identity adversarial loss is proposed.
Our experimental results demonstrate the effectiveness of the
framework and the advantage of introducing an adversarial
component into recurrent models for face video generation.

Index Terms—video generation, gated recurrent unit, smile.

I. INTRODUCTION

HE automatic recognition of facial expressions [1]-[4],

as one of the most prominent human social signals [5]],
has been widely studied in computer vision. In particular, the
problem of analyzing facial expressions in videos is typically
addressed with discriminative approaches, which aim to learn
classification models able to distinguish between sequences
belonging to different categories. Often, these approaches are
specifically designed to analyze the visual facial dynamics
of different expressions. Although the performance of such
methods is impressive, they do not possess the ability to
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Figure 1: The proposed conditional adversarial recurrent net-
works (CAR-Nets) generate a sequence of a person smiling
from a neutral face while preserving the identity and condi-
tioned to a given label (e.g. posed).

reproduce the visual dynamics associated to, for instance, a
smile. Bridging this gap, e.g. learning how to generate smiling
face videos, is the motivation of the present study.

Image generation has become popular in the past few years,
mostly thanks to the proliferation of deep neural architectures,
and in particular of generative adversarial networks (GAN) [6],
[7] and wvariational auto-encoders (VAE) []. The literature
on video generation is less populated. Few studies focus on
video generation [§]], [9]. Even GAN and VAE have exhibited
promising results in many image and a few video generation
tasks, it is still unclear how to address the generation of
videos containing human dynamics, such as facial expressions.
Intuitively, this is mainly due to the fact that the generated
frames need to be realistic not only individually, but also
collectively, meaning that the transitions between adjacent
frames need to be smooth.

Generating facial expression videos would have a posi-
tive impact in different fields. For instance, face verification
systems would have much more data to be trained on, thus
increasing their robustness to noise and outliers and reducing
their failure chances. Likewise for facial expression recog-
nition systems, an expression generation framework would
reduce not only the time to collect data, but also to annotate
it, which is highly desirable in the ongoing deep learning era.
Importantly, systems implementing artificial and virtual agents
impersonated by an avatar would also clearly benefit from
an expression generating framework that produces realistic
outputs, both steady images and video sequences. For instance,
one may want to be able to generate spontaneous smiles, over-
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reacting smiles, nervous smiles, posed smiles, creepy smiles,
etc. Generally speaking, the developed methodology must be
able to condition the output to be a facial expression that
follows certain subtle requirements.

In this paper, we propose a novel approach for generat-

ing videos of smiling people. Speci cally, we introduce a_.

framework which generates a sequence of images (i) bdil9ure 2: VAE-GAN structure. Image is encodedto a
individually and collectively realistic, (ii) allowing a smoothnidden variableZ and thendecodedback to a real image.

transition from the neutral original image into a smiling image! N decoding process corresponds to gemerator of the

(iif) satisfying certain subtle conditioning characteristiesg( 2dversarial structure, competing with tigscriminator to
posed expression), and (iv) preserving the face identity. To tfake the generated imade more realistic.

aim, we rst learn a face manifold representation exploitingnd expression of the person. In such way, the expressions
Lecent advances on \(/jAEsdand GANs [10]. _\lNe ghen leag, 1 be transferred from the source image to the target image.
ow to generate posed and spontaneous smiles by meang;Qfeyer, these methods are usually time consuming as they

a new architecture namedonditional Recurrent Adversarial need to use the 3D model to render the image and the creation
Network (CAR-Net, see Figure 1). The recurrent netvvorléf the 3D model is very time consuming

learns the statistical behavior of a smiling sequence when repRecentIy deep networks have been also been explored

resented in the face manifold, and thus learns how to generaga, iqaq generation [24]-[27]. In order to model temporal
fseo||u$nce .Of smiling embeddllr:gs startw_ng from a neutral (Or'gépendencies, previous works either employ a spatio-temporal
mat)) 339 |mag(z. By tempora y averaging the generated faﬁStwork which synthesizes all the frames simultaneously, or
emlef Ings %n ddc_omparmg themt;clo the ;‘_"ef?‘g?d seqbuenCﬁ]Q{/ take advantage of recurrent neural networks (RNNs) to
real face embeddings, we are able to discriminate DEWeEn, o o1a images sequentially [28], [29]. A 3D spatio-temporal
real and fake.smlllng videos while preserving the identit CGAN [30] is employed to generate videos from scratch
Our approach is evaluated on three publicly available datasgltls[m]_ Similarly, in [25] a deep network is proposed to gen-
namely the UVA-NEMO Smile [11], the _DISFA [12] anderate all the video frames at the same time. Other works have
DISFA+ [13] datasets. The rfaported gxpenments d?monstrﬁ%sidered long-short term memory (LSTM) networks [8] and
that the proposed method is effective at generating videgs,,outional LSTMs [26] to predict a set of future frames.

Ef smiling e;<p|)|reSS|olr1§ a(;udf th"_"t the gene:}ated sfequences @Wever, these methods cannot generate videos conditioned
& successiully exploited for improving the performance qf, specic labels and none of these methods impose that

discriminative models detecting spontaneous and posed smi{ﬂg generated videos should be realisiie. there is no

adversarial component in their pipelines, and most of these
Il. RELATED WORK approaches [24] do not consider conditioning category labels

. but require different models for different categories.
In the last few years, deep generative models such as g g

generative adversarial networks [6] and variational auto-
encoders [14] exhibited spectacular results in image gener-
ation. A combination of VAEs and GANs has been also Our framework rst learns a compact representation of
proposed [10]. Both GANs and VAEs have been applied the face manifold and the corresponding embedding from
the problem of face synthesis. For instance, in [14] Hau the image space, to later on learn the statistical dynamics
al. proposed a variation of traditional VAEs which considersf smiling sequences in this compact representation space.
a perceptual loss and demonstrated that this model is effectiids strategy has one prominent advantage: reducing the
for capturing the information that encodes facial expressioramputational complexity to learn the dynamics.

Yan et al. [15] addressed the task of generating images from Since utilizing a good compact representation is crucial to
visual attributes and demonstrated that their approach candwg success, we inspire from the powerful VAE-GAN frame-
used to synthesize faces considering attributes like age, genderk, recently introduced in [10] and sketched in Figure 2. Let
or expressions. Similarly, in [16] a two-stage deep generatius assume the existence of a set of training video sequences

IIl. GENERATING SMILES WITHCAR-NETS

Conditional GAN has also been proposed to generate facese the frames of the-th sequence andl, is the number of
with arbitrary poses [17] and expression [18]. In these workBames. The VAE-GAN is trained with all the frames of the
the conditioning labels are denoted by one hot vectors wittaining set, and produces a set of compact representations,

have to be one hot vector, it could also be represented by confresponding to the original sequenXg,. The details of
tinuous values such as action unit intensity score corresporths structure of the adopted VAE-GAN and on the associated
to the expressions [19] or the embeddings of conditioniricaining procedure are provided in the experimental section.
poses from arbitrary person [20].Another category of methodsThe proposed conditional adversarial recurrent network
for face synthesis is based on morphable models using @AR-Net) is speci cally designed to address the challenging
model [21]-[23]. The 3d model can disentangle the identitask of learning how to generate a sequenc& @mbeddings
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Figure 4: Structure of the conditional gated recurrent unit

Figure 3: CAR-Net ow diagram. The input image is em_(Con—GRU). The hidden state; is conditioned by not only

bedded into the face manifoldZ§). The conditional re- by h¢ 1 and 2 1, but also by e, the representation .

current generatorproduces a sequence of face embeddin egl blocks ‘indicate element-W|s_e operat!ons,_yellow blocks
ndicate fully connected layers with non-linearities and blue

wiseL ; norm ensuring that the smiling dynamics are respectg&oczkS indicate vector concatenation.

with (ii) a discriminative loss on the sequence's temporil_%

. e temporal average of a sequence of face embeddings that
average that guarantees the sequence preserves the identity. : : )
es not preserve the identity. It is therefore natural to try

Plic = [2'?0;;;;;2'Ti°] from an input neutral face imageand to discriminate between these two patterns. However, this
a conditioning label (i.e. posed/spontaneayghat correspond is insuf cient to force the sequence generator to learn how
to the person in smiling and that are individually as wellto encompass the dynamics of smiling sequences. In order
as collectively realistic. Once this sequence of embeddinigs address this issue, we further push the discriminator to
is satisfactorily generated, the decoder of the VAE-GARenalize those sequences that do not follow the required
structure is used to generate the sequence of face imaghglamics with a pair-wise loss between the frames of the
Rie =[RS R generated and real embedding sequences.

CAR-Net (see Figure 3) is constructed with a recurrent In practice, the identity adversarial loss (IAL) is a combina-
generator conditioned to a labeland a video discriminator. tion of a cross-entropy loss discriminating between generated
On the one hand the discriminator aims to make the differenaad real sequences and a pair-wise loss enforcing the natural
between generated and real sequences, with special emphdygismics. In order to train the network with this loss and dif-
on preserving the identity and on the transitions' smoothnedsrent values of the conditioning we require a set of training
On the other hand, the generator tries to fool the discriminatsequences per each different valuecofor ease of notation,
from the input image and conditioning label. Remarkably, thee will assume that all training sequences are available for all
generator possesses two contributions. values ofc, although this is not a requirement of the method,

First, the generator producessaquencdrom a still im- and writeZ® to denote the training embeddings for the label
age. Second, the generator denditionedon a user-chosen c. Analogous notation holds for theth training sequencgg
input labelc, selecting between different types of smile (e.qand its frame<§; . Formally, the identity adversarial loss has
posed, spontaneous, etc.). More formally, given the embeddihg following expression:
of the initial face imagez{, and the conditioning labet,

the generator produces a sequence of embedcﬂﬁﬁs = N e Ec " Pe 1.
(211 = G(Z);0). In the following we rst describe VAL = logD (Z,)*log(1 D(B,))+  KkZnn Binkz
the proposed identity adversarial loss, to later on explain how cn=1 t=1 1)

it is co-articulated with the conditional recurrent generator. whereZ denotes the temporal averaging of the sequefce

and D denotes the discriminator. Our discriminator consists

A. ldentity Adversarial Loss on two fully connected layers (wittanh and non-linearities
As outlined before, the discriminator needs to penalize thotgspectively).

sequences that (i) either do not follow the dynamics of a B B
smiling sequence or (ii) the face identity changes along the D(Z)= (Uztanh(U.2)) (2)
sequence. We remark that, while the dynamics of the sequence
change over time, the identity is the same, and therefore thbereU; and U, are the weights of the two layers, and the
nal loss must be a combination of two losses. Our intuitioias terms are absorbed th andU,.
is that, a smiling sequence of one person will draw a certainRemarkably, the rst two terms of (1) correspond to the
path on the face manifoldiround the identity of person. identity-preserving cross-entropy loss and the third terms
We argue that the temporal average of an identity-preservifayces the conditional recurrent generator, whose structure is
sequence of face embeddings follows a different pattern tltscussed in the next section, to learn the smile dynamics.
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B. Conditional Recurrent Generator C. CAR-Net training

The generator is designed to recurrently produce a sequencAs for any adversarial network, training CAR-Nets requires
of outputs that are conditioned on the input lalwel We the estimation of the parameters of both the generajoand
construct the conditional recurrent generator from a buildirthe discriminator p. The three terms of the identity adver-
block named conditional gated recurrent units (Con-GRU). sarial loss in 1 depend orns and p in a different manner.

A functional diagram of the Con-GRU, as used in this studjpdeed, the operatio® depends onp and the generated
is shown in Figure 4, where we can see that the entire recurréaguence2$ = G(Zno;c) depends ong. In addition, since
process is conditioned oe, which is the internal learned the generator and the discriminator are competing, the rst
representation of the label Indeed,e is the output after two tries to minimize the loss, while the second tries to maximize
fully connected layers: it. We write the optimization of ¢ as:

§(N
min log(1 D(G(Zon:C; &) o)t (Z7;G(Zon:C; 6));
G
whereV; andV, denote the weights of the fully connected =~ ¢n=!
layers. The bias terms are absorbeWirandV,. In addition to where" is the sum ofL, distances between generated and

e, the generated face embedding at tim®,, is conditioned, T A
. . real sequences. The optimization problem of the discriminator
not only to the hidden recurrent state, ; as in standard .
. writes:
recurrent networks, but also to the previously generated face
embedding@t 1. Generally speaking we write: &N
max logD (ZS; p)+log( D(G(Zon;C, c); p)):
D

he = f(hy 12 1;e); (4) cn=1

e = tanh( V, tanh(V;0)); 3)

(10)

(11)
wheref denotes the non-linearity associated to the Con-GRUThe discriminator and generator compete with each other
that will be detailed in the following. and, in order to balance this competition during training, their

Gated recurrent units in general (and Con-GRUs in partitespective parameterss and p are alternatively updated.
ular) rely on an intermediate representationtgf denoted Intuitively, if one of them is too strong, we will further
by B; and a selecting variabls,. Each component ofi; is iterate the update of the other, until meeting a certain stopping
copied fromh,  if the corresponding entry is; is set to 0, criterion. In order to formalize this, we inspire from [7] and
or copied fromR, if the corresponding entry ig is set to 1. de ne two internal performance-monitoring measures:

In plain words, when the entries sf are set to 1, the network N N .

forgets the knowledge at previous time steps, :?md focuses on_ logD (Z8): = log(1 D(t’n)):

the newly generated representatfn Otherwise, it keeps the en=1 =1

previous representatidm; 1. Formally: (12)

Intuitively, when the error over the real or generated se-

he=(1 s) hoat+s Ry G guences if too low, i.e. the discriminator is doing very well,

we skip training the discriminator. Analogously, when the error

is too big we skip training the generator. We just need to

— . be careful to avoid the situation in which neither of them
R =tann(Waere heoo+ Wha By 3+ Whee):  (6) is trained. Therefore, the strategy is the following. B
and p are two boolean variables indicating whether or not
the discriminator and the generator respectively need to be
pdated, we initializep = g = 1 and at every iteration
ompute them as:

8

where indicates the element-wise product,

re= (Wimhy 1+ W B 1+ Wee); @)

and indicates the sigmoid function. We highlight the explicifJ
dependency on the internal representation of the conditioniﬁngc
label e.

< p=0; if r<; <
_ The selecting variable explicitly depends on the condition- ¢ =0; if r>1 ; g>1 (13)
ing label as well: " p=¢g=1if p= g=0;
st= (Wenhy 1+ We By 1+ Weee); (8) where being a hysteresis parameter, set to 0:3 as in [7].

which concludes the de nition of . Onceh; is computed, the
face embedding is generated through a linear layer: IV. EXPERIMENTAL VALIDATION

A. Experimental setu
12t = Wznhy: 9 P P

In this section we rst discuss the smile video datasets,
Summarizing, the parameters of the generator are ttheen the pre-processing procedure to extract smiling videos.
weights of the Con-GRU, plus the two fully connected layeM/e also brie y discuss the still image datasets used, together
transformingc into e. During training, we need to optimize with the video datasets, to train the VAE-GAN, and nally
both the parameters of the generator and the discriminatordetail the train-test splitting protocol.
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Figure 5: Action unit scorav.r.t. the facial dynamic. The “cheek raiser' and ‘lip corner puller' units re ect the three main
smiling phases. The action unit images are extracted from https://www.cs.cmuamhifacs.htm. The video frames from the
UVA-NEMO and DISFA+ datasets follow the three phase strictly. However, each video in DISFA dataset contains multiple
expressions. Therefore, a preliminary segmentation is required to identify segments corresponding to smiles.

1) Smile Video Datasetsfhe UvA-NEMO dataset [11], the two action units, specially withp corner puller. We used this
DISFA dataset [12] and the DISFA+ dataset [13] are used &ation unit to segment the subsequence corresponding to the
validate the proposed CAR-Net for smile video generation.moving from neutral to smile ( rst phase in Fig. 5).

The UvA-NEMO dataset contains 1240 smile videos (643 Once the smiling videos are segmented, we need to align
posed videos and 597 spontaneous videos). There are #tfaces. Many face alignment algorithms are available [33]-
subjects in the videos (215 male and 185 female) with differef®6]. In this paper, we align the faces with respect to the
ages which range from 8 to 76. Among all people, 50 weaenter of the two eyes horizontally and to the vertical line
glasses. The videos have a resolution1820 1080 pixels passing through the center of the two eyes and the mouth
sampled at 50 FPS. Each video starts and ends with a neuisihg OpenFace [37].
expression. The average duration is 3.9 seconds. After applying the smiling face video extraction procedure

The DISFA dataset is a spontaneous facial expressidescribed in the previous section, we notice that in the UvA-
dataset. It contains videos of 27 subjects (12 females aN&EMO dataset the average smile length is 32 frames, with
15 males) with different ethnicities. The videos are recordemhy variations. In our experiments we used this value as the
with a resolution of1024 768 at 20 FPS. Each subjectlength of the generated sequences.
has been recorded for 4 minutes and each video includes) Face Image DatasetsIn order to train a robust and
multiple expressions, such as happiness, disgust and surprigmeric VAE-GAN for face encoding and generation, we
As our work specically focuses on smile expression, weased ve different still face image datasets, namely: CelebA,
manually segmented the videos to isolate the short sequenCesnellKin, Family101, TSKinFace and UBKin, in addition
containing spontaneous smiles (see Subsection 1V-A2). Afterthe previous three video datasets (NEMO-UvA, DISFA and
segmentation, we obtain 17 videos. DISFA+). CelebA consists of 202,599 images from 10,177

The DISFA+ dataset is an extension of DISFA. It containdifferent identities, with large head pose and occlusion vari-
posed smile sequences for 9 individuals from the DISFability. CornellKin contains frontal face images of 150 pairs of
dataset. Different from DISFA, the DISFA+ dataset providgsublic gures and celebrities along with their parents/children.
20 video sequences associated to smiles, thus a proceduré=amily101 contains 101 different families with distinct family
Itering out data corresponding to other facial expressions isames, including 206 nuclear families, 607 individuals, and
unnecessary. While our method is generic, we present expéd-816 images in total. TSKinFace collects almost 1,000
ments considering two types of smiles: posed and spontanedamily photos with different family grouping (Father-Mother-
While the UvA-NEMO dataset includes sequences for bofbaughter or Father-Mother-Son). Finally. UBKin contains
categories, for the DISFA and DISFA+ we build a smalimages of 400 people with child-parent or parent-grand parent
dataset pairing sequences of corresponding targets. pairs. Overall, training with such variety of images improves

2) Extracting smiling face videosThe targeted application the robustness of the proposed method to unseen images.
requires an automatic procedure to extract smiling sequenced) Train and Test SetupThe video dataset, UvA-NEMO,
from face videos. Indeed, given a video we need to (i) segmdditSFA and DISFA+ are split into train and test sets. The train
the part in which the person is smiling and (ii) spatially aligsplit is used both for the VAE-GAN training (together with
the sequences to learn the smile dynamics. other face image datasets) and for training the recurrent block

To overcome the rst issue, we rely on action units [31]of the proposed method. All images are resize@4o 64 for
Indeed, smiling mostly involves two action unitheek raiser training the VAE-GAN. In case of the UvA-NEMO dataset we
andlip corner puller. By employing [32], we are able to esti-follow the splitting protocol of [11] and use 1 tenth for test and
mate the intensity of the two action units, that we plot in Fig. She rest for training. For the DISFA and DISFA+ sequences,
We can clearly see that smiling is well correlated with thesge randomly select two thirds for training and the rest for test.
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Figure 6: UVA-NEMO dataset. Comparison between the input images (left) and the ones reconstructed with VAE (middle) and
VAE-GAN (right). VAE-GAN can reconstruct sharper images with detailed information compared with the VAE.

B. CAR-Net architecture and optimization 1) VAE-GAN componentFigure 6 shows the reconstructed
As stated above, while our method is generic, we prese”rﬂages generated with VAE and VAE-GAN. As expected (and

experiments considering two types of smiles: pose and Spérﬁ_agreement with the ndings in [10]) the images obtained

taneous. These two conditioning classes are representecywth VAE-GAN have higher quality and contain more clear

in . . .
two-dimensional binary vectors which are transmitted to ﬂ}detalls than the ones reconstructed using VAE. For instance,
Con-GRUs through two fully connected layers of outp

e wrinkles (Fig. 6, row 1, column 1), teeth (Fig. 6, row
dimension512 and 1024 respectively. The internal state of ’ column 2), and hair (Fig. 6, row 2, column 3) can be
the recurrent units is of dimension; 2 R024 and we

better reconstructed with VAE-GAN. Our results con rm the
set hg to zero. The face embedding representation is

g}terest of adding a discriminator on top of the VAE, and of
dimension 512 (the precise VAE-GAN architecture is de-

exploiting this powerful framework to construct an ef cient
tailed below). Consequently, the parameters of the Con-GFE%Pe embedding for the targeted application.
have dimensions as follow&\, ; Wi, ; Wg, 2 R1024 1024

2) Adversarial component:We compare three different
Wiy Wiy i Wey: Wit Wre : Wee; Wy 2 RO12 1024 Finglly,  VErsion of CAR-Net, the standard, the one without the identity
the two fully connected layers have output dimensiist d

adversarial loss (CAR-Net no-ID) and a CAR-Net whose
S iscriminator acts only in the last frame of the RNN instead
and 1 (generated/real classi cation). We employ stochastlcf on the temporal average (CAR-Net ID-LR)
optimization with Ada”.“ [38], with a base Iear.ning.rate ° Figure 7 shows generated examples for t.he UVA-NEMO
0:001and an expongnhal decay 0f95 every 500 Itgrat|ons. (top blocks) and the DISFA/DISFA+ (bottom blocks) datasets,
1) VAE-GAN architecture:The VAE-GAN Con5|s_ts O.f 3 for spontaneous (left) and posed (right) smiles. Each block
parts: the encoder, the decoder/generator and the discrimin Rbws a few frames along the sequence, and each row cor-
The encoderhas 3 convolutional layers with kernel size o esponds to one method. From Figure 7, we can observe
5 and 64, 128 and 256 output channels respectively; plusﬂﬂ%lt both CAR-Net ID-LRand CAR-Net no-Ibcan not well

fully connec?gd layer with _2048 output units. The encod reserve the idenity. In the following qualitative analysis
is a probability model which is forced to produce late

. S . . —_section, we have implemented a user study to evaluate whether
vectors that follows the Gaussian distribution. Given an inpyt , identiy can be well preserved for each method. Besides
'mage, the gncoaer outputgand .Whlch_represent the mean,ye have also viewed the identity distance between the face in
and variance of a Gaussian distribution. Then the hidd rst frame and other generated frames using FaceNet
represer?tanrz can be c.omputed by, = ) *exp() e 3) Conditional recurrent componentTo our knowledge,
wheree is a reparameterization value which samples a latefpt.'o e no existing large-scale video generation models
vectorz from the distribution. Next, the latent vector will bewhich can be conditioned on different labels. For instance
fed to the decoder to generate imagets a randomly sampled . (acent VideoGAN approach in [24] can only generate

varc;ablg Wh'cz f(()jll?jws_ Qausij% d|3tr|t/)ut|on W"ﬂ mean ;ideos given an input frame but does not employ conditioning
and unit standard deviation. coder/generatohas one ,,0|q However, in order to perform a comparison with [24],

fuIIy connected'layer witt256 8 SOUtpUt,un'tS’ reshaped in this work we train two video-GANs which correspond to
Into a tens_or With256 channels. Th_|s layer is followed by 4two different smiling labels. In addition to VideoGAN we
deconvolutional Iayer_s OT k_ernel size 5 andg 1.28' 64, 3 also compare the proposed CAR-Net with the Ground Truth
ogtput channels. Theiscriminatorhas a symmetnc SUUCIUr® 5 g with the Interpolated Sequence. Note that the interpolated
with respect to the generator (4 convolutional layers plus %quence requires the initial and nal frames, and therefore has
fully F:onqected Iayer),' fqllovyed_by the ngl real/generate ar more input information than CAR-Net and VideoGAN.
classi cation layer. Optimization is done as in [10]. From Figure 7, we notice that VideoGAN generates
sequences with visual artifacts, leading to very unnatural
images. Interpolating the sequence may seem a good idea at
rst sight, but we rapidly understand that works well only
We rst provide some qualitative results on the UVA-NEMOn sequence in which the smile dynamics are linear, see
dataset and show the effect of the main componestshe Figure 7 (c) and (d). However, it fails to reproduce non-linear
VAE-GAN component, the adversarial component, and tllgnamics such as in Figure 7 (a) and (b). When a person
conditional recurrent component. We also demonstrate that euniles, his or her action unit score changes in a non-linear
framework is exible and it is able to generate very realisticnanner. As can be seen in Figure 6 (b), in the beginning, the
sequences by exploiting the data collected in the wild. score of AU12 (i.e., Lip corner puller) increases slowly, and

C. Qualitative Analysis
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Figure 7: Comparison between the Ground Truth, VideoGAN, Interpolation and CAR-Nets on DISFA/DISFA+ (a) and (b) and
UVA-NEMO (c) and (d), for both spontaneous (a) & (c) and posed (b) & (d) smiles.

then at a certain point, the score increases quickly to its peB®AN [25] and MoCoGAN [39]. It is easy to observe that
value. Finally, the score becomes stable and changes sloaliythe generated video frames depict a transition from neutral
until it reaches its peak value. In other words, during the smifacial expression to smile (spontaneous/posed). Furthermore,
process, the action unit, such as the lip corner wont be raidgdcomparing the generated spontaneous smile videos with the
linearly with a constant speed. It changes in a non-lineppsed ones, it is evident that the faces corresponding to posed
manner with accelerations. As previously discussed, compasgdiles usually have their mouths wide open, indicating a very
to VideoGAN and CAR-Net, interpolating requires also texaggerated (and fake) behaviour compared to spontaneous
have the smile face image. Regarding the different versiosmiles. However, while TGAN and MoCoGAN can learn
of CAR-Net, we observe that the standard one exhibits lessrrect smile patterns, Fig. 8 also shows that the sequences
artifacts than the other two in all four sequences. generated by TGAN and MoCoGAN have severe artifacts,
most of which propagate to several neighboring frames. The
4) Comparison with other baselinesfo provide further underlying reason is that the discriminator in TGAN and
insights on the challenges of the task of automatic smile vidéoCoGAN is a 3D-discriminator on top of the whole se-
generation, we also report additional qualitative results. fuence. Therefore, even though the generated videos may look
particular, we consider the Temporal Generative Adversarigalistic from the perspective of the video discriminator, there
Nets (TGAN) [25] and MoCoGAN [39]. Similarly to the is no guarantee that each individual frame looks good.
VideoGAN experiments, as TGAN and MoCoGAN does not 5) Ability to generalize to realistic condition€ne limita-
employ conditioning labels, we train two different networksion of the UvA-NEMO, DISFA and DISFA+ datasets is that
corresponding to the two smiling labels. It is worth notinghese datasets are collected under laboratory conditions. Even
that, opposite to VideoGAN, TGAN and MoCoGAN cannotf the recurrent generator must be trained with smile videos,
be directly compared with our approach as this model canrtbe VAE-GAN can be trained on any face image dataset. As
be conditioned on an input image. In other words, TGAN arareviously discussed, we train the VAE-GAN with ve face
MoCoGAN can generate a smile sequence but cannot geneiatage datasets, in addition to the three video smile datasets.
a video corresponding to a speci c person. Figure 9 shows the generated spontaneous and posed smile
Figure 8 shows the video sequences generated witlte sequences for people in the LFW dataset. We can see
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Figure 8: Generated video frames using TGAN [25] for spontaneous (a) and posed (b) smiles.

Figure 9: Sequences generated by CAR-Net on images from the LFW dataset (obtained in the wild).

Table I: Percentage (%) of generated video preference. from the test set of UvA-NEMO, DISFA and DISFA+ datasets.
Next, we randomly select 37 videos with 18 spontaneous smile

Models Preference  Spontaneous Smile  Posed Smile

VideoGAN [24] 27.72 51.62 videos and 19 posed smile videos generated by our model and
CAR-Net 64.73 66.80 the corresponding ones generated by our baseline models. To
7.55 11.58 S\ ; ; ;
CARN compare with VideoGAN, we show a subject a pair of videos
-Net (no ID) 14.04 16.16
CAR-Net 53.78 48.43 (one generated by CAR-Net and the other by VideoGAN)
32.18 35.43 and ask heiVhich video looks more realistic®e collected

1480 ratings from all the subjects. To further demonstrate the
that the images generated by CAR-Net are realistic, do n&tectiveness of the proposed framework, we also collect user
contain artifacts and represent spontaneous and posed sm}@mgs comparing video pairs generated by CAR-Net with and
This demonstrates that CAR-Nets successfully generalizesyjghout the identity adversarial loss. Again, we show a subject
images collected in the wild. a pair of videos (obtained with the CAR-Net with and without
adversarial loss) and ask thewihich video better preserves

D. Quantitative Analysis the identity of the person?

We conduct three types of quantitative analysis. First, we
perform a user-study to compare the videos generated byrable | shows the preferences expressed by the annotators
CAR-Net with those obtained with VideoGAN [24]. Second(%) both for spontaneous and posed smiles. The symbioi
we perform an identity preservation test, using a pre-trainddble | means that the two videos are rated as similar. When
face recognition model. Third, we evaluate whether the datg@ compare the CAR-Net with the VideoGAN baseline, most
generated by CAR-Net could be used to improve the perfatanotators prefer the videos generated by our CAR-Net. This
mance of a discriminative model for detecting automaticallg not surprising: by visually inspecting the frames shown
spontaneous vs posed expressions. in Fig. 7 it is clear that several artifacts are present in the

1) User Study:Following [24], we quantitatively evaluate sequences generated with VideoGAN. Furthermore, when we
and compare CAR-Net with VideoGAN by performing a useevaluate the contribution of the identity adversarial loss, we
study. We prepared 37 video pairs and invited 40 subjects withserve that most annotators think that the CAR-Net with
different backgrounds to do the evaluation. Both our modelentity adversarial loss can better preserve the identity. This
and baseline model generate videos conditioning on the image# accordance with qualitative results shown in Fig. 7.
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Figure 10: Average Action Units 12.€., lip corner puller) & 6 {.e., cheek raiser) intensity score curves of all datasets as a
function of the video frame. The score is computed as the average of every i-th frame across all test videos.

As shown in Fig. 11, the distance between rst frame and the
generated frames grows almost monotonically with respect to
the frame index. This observation shows that the generated
faces lose its identity gradually for all the methods. We can
also observe that the VideoGAN loses the identity much faster
compared with CAR-Net, and CAR-Net is the slowest one to
lose the identity. We also notice that the bene t of using the
ID preservation loss is more important for the spontaneous
smiles. One possible explanation is that spontaneous smiles
are inherently more variate and diverse than pose smiles,
and therefore harder to learn. In this regard, CAR-Net seems
to perform equivalently in spontaneous and posed smiles,
thank to the ID preservation loss. Overall, this experiment
demonstrates the importance of ID preservation loss.

3) Action Unit Recognitionin order to investigate if CAR-
Nets are able to faithfully learn the smile dynamics, we
performed an experiment in which we estimate the intensity
of AU12 (lip corner puller) & AU6 (cheek raiser). To do
that we employ the method in [37], and we average over the
entire test set. Results are plot in Figure 10 for UvA-NEMO,

Figure 11: Average distance between the face in the rstframiisen and DISEA+ datasets. for all variants of CAR-Net
and other frames as seen by FaceNet [40]. VideoGAN, interpolation and the Ground Truth. We rst re-

2) Identity preservation testWe also performed additional mark that all methods have a monotonically increasing average
experiments to quantitatively assess whether the face idenfi§havior, which is generally a good property. When comparing
is preserved along a video sequence. We relied on a pﬂ@e two datasets, we clearly see that the variance on the
trained face recognition model,e, FaceNet [40]), which DISFA/DISFA+ is larger than in UVA-NEMO. This could be
adopts a triplet loss. This loss encourages the face embeddifgdndication that learning smile dynamics on DISFA/DISFA+
corresponding to the same identity to be similar, while [§ Slightly more dif cult than on the UvA-NEMO. Comparing
pushes the face embeddings associated to different pedB% different methods in those curves is a little bit dif cult,
far away from each other. The Euclidean distance betwedce most of the methods lie around the average ground
face embeddings is employed for face recognition. In thteuth curve in most of the four plots. Exceptions to these rule
work we used the distance between the rst frame and all tij€ VideoGAN and CAR-Net (no-ID) for UVA-NEMO and
other frames in the video to verify whether the face identitp!SFA, and mostly every method for DISFA+.
is preserved. Speci cally, for each generated sequence, wet) Posed vs Spontaneous classi cation:
rst computed the distance between the embeddings of the a) Smile Classi cation:We also conduct an experiment
rst frame and the other frames. For each frame index to see if the generated video sequences can be used in the
we averaged the computed distance over all the sequencesarftext of posed vs spontaneous smile classi cation [11].
the data set, thus obtaining how close to the original face $émilar to a very recent experimental protocol for face analy-
thet-th frame of a generated sequence on average. Figuresid [27], we augment the data with synthetic images and train
plots the average distances of each model, for both posed an8VM smile classi er under the three following experimental
spontaneous smiles. In detail, we benchmark VideoGAN witlonditions: using only real data, using only synthetic data and
the two versions of CAR-Net: including and excluding the IZombining both real and synthetic data. In our case, synthetic
preservation loss (CAR-Net and CAR-Net-nolD, respectivelyjlata is generated with the trained CAR-Net, and we generate
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Figure 12: Spontaneous/posed classification accuracy (%) for
(a) real joint test sets of UvA-NEMO, DISFA and DISFA+ and
(b) synthetic joint test set. The SVM classifiers are trained with
different training sets (real, synthetic and both) using different

visual features (static, dynamic, fusion).

the exact same amount of synthetic data as we have real data.

In this experiment, we also want to understand how the
classification performs when using static features, dynamic
features, or fusing both features. To this aim we exploit a
simple descriptor inspired by VLAD [41], and a linear SVM.
In more detail, we divide each 32 VAE embedding sequence
into four groups of 8 VAE embeddings. For each group,
we consider the first embedding as the reference embedding,
and the video static feature is obtained by concatenating the
four group reference embeddings. In order to take into ac-
count temporal dynamics, we compute the average difference
between embeddings and the reference. The four average
differences (one per group) are concatenated to obtain the
dynamic features. We then train separately with static and with
dynamic features. Late fusion is employ to jointly exploit both
static and dynamic descriptors.

Figure 12 (a) reports the classification accuracy under
different training conditions. We evaluated the impact of using
static, dynamic and fused features, as well as training with
real, synthetic, or both data. We can observe that fusion are
generally the best performing features (except when training
with real and synthetic data), and exploiting dynamic features
is systematically better than using static features. In terms of
the training set, we see an (expected) decrease of performance
when training only with synthetic data, but we also see a clear
increase of performance when jointly training with real and
synthetic data. This demonstrates one of the advantages of
CAR-Nets: the ability of generate synthetic data to increase
the performance of face expression classification tasks.

Figure 12 (b) reports the classification accuracy for the joint
synthetic test set. Similar to Figure 12 (a), we can observe that
fusion are the best performing features for the synthesized test
set. This observations have reinforced the statement that CAR-
Nets have the ability of generate synthetic data to increase
the performance of face expression classification tasks. The
augmented synthetic training data always brought performance
gain for the synthetic test set. Besides, it is interesting to
observe that sometimes if we train the classifier only using
the synthetic training data, it can lead to better performance
on the synthetic test set. The underlying explanation is that
both the synthetic training and test set are generated using
the same model (CAR-Nets). Therefore, they have the similar
patterns and it is much easier for the classifiers to learn the
shared similarities between them.

V. CONCLUSIONS

This paper introduces a novel CAR-Net to address the
task of smile video generation from a neutral image and a
conditioning label. We first learn the face embedding with
the VAE-GAN. To make the VAE-GAN more robust to the
images in the wild, we employ five extra face datasets.
We then introduce conditional GRU as our basic building
block and train them to generate face embedding sequences
conditioned on a given label. To preserve the identity, an
identity adversarial loss is proposed to confront a discriminator
with the conditional recurrent generator. We validate the CAR-
Net using the UvA-NEMO, DISFA and DISFA+ datasets, and
show extensive qualitative and quantitative results. Further
evaluation is conducted on face preservation, action unit score
for smile dynamics and in posed/spontaneous smile classifica-
tion, where we demonstrated the effectiveness of the CAR-Net
in data augmentation.
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