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ABSTRACT

Audio-driven talking face with portrait customization enhances the
flexibility of avatar applications for different scenarios, such as on-
line meetings, mixed reality, and data generation. Among the exist-
ing methods, audio-driven talking face and face swapping are typi-
cally viewed as separate tasks that are cascaded to achieve the objec-
tive. Using state-of-the-art methods Wav2Lip and SimSwap for this
purpose, we meet some issues: affected mouth synchronization, lost
texture information, and slow inference speed. To resolve these is-
sues, we propose an end-to-end model that combines the advantages
of both approaches. Our approach generates highly-synchronized
mouth with the aid of a pre-trained lip-sync discriminator. And iden-
tity information is provided by ArcFace and the ID injection module
in the model because of its strong correlation with facial texture. Ex-
perimental results demonstrate that our method achieves lip-sync ac-
curacy comparable to real synced videos, preserves more texture de-
tails than cascade methods, and alleviates the blurring of Wav2Lip.
Also, our approach improves the inference speed.’

Index Terms— Talking face generation, Face swapping, Audio
driven animation

1. INTRODUCTION

Audio-driven talking face generation has been applied in various
scenes, such as online conferencing, visual dubbing, and virtual cus-
tomer service. The ability to customize portraits can significantly
enhance the flexibility and practicality of this technology in real-
world applications, such as using it to voice a stunt double in a
movie. Combining the recently flourishing face-swapping technique
with talking face generation can provide a viable solution to achieve
this goal. Face swapping can migrate the identity of the source face
to the target face while keeping the expression, pose, lighting, and
other attributes of the target face. The combination of these two tech-
nologies allows us to customize a personalized virtual portrait in the
talking face application, for example, by dynamically adapting the
virtual customer service portrait based on user characteristics. Also,
the combination of these two techniques has been used to generate
realistic multimodal datasets for deep forgery video detection [1].
Talking face generation methods. With the development of
deep learning techniques, talking face generation methods have
made great progress and have been able to generate realistic-
enough results [2-7]. Wav2lip [2] employs a pre-trained lip-
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synchronized expert discriminator to supervise the generation of
speech-synchronized mouth shapes without the aid of a structured
representation. The method [3] assumes a latent space consisting of
orthogonal motion directions of the static portrait, and the portrait is
driven by linear navigation in the latent space corresponding to de-
sired image manipulation. Some works [4, 5] predict the landmarks
of the face from speech as an intermediate representation and use it
to drive cartoon images or real people. Not only landmarks but also
some structured information is used as intermediate representations
to be applied in GAN-based methods, such as the 3D morphable
model (3DMM) coefficients [7,8] and the 3D blendshape basis [6].

Face swapping methods. Face swapping methods have been
extensively investigated by the academic community. The open-
source algorithm [9] consists of a common encoder and two identity-
specific decoders allows face swapping between two specific iden-
tities. HifiFace [10] controls the face shape with the help of prior
knowledge of 3DMM. SimSwap [11] proposes an ID injection mod-
ule using Adaptive Instance Normalization (AdaIN) [12] to inject
the identity feature extracted from the source face into the target face
and can generalize to arbitrary identity. Smooth-Swap [13] proposes
a method to construct a smoother identity feature space, which can
provide more stable gradients during training.

Combination of talking face generation and face swapping meth-
ods in a two-step cascade is a straightforward way to achieve audio-
driven talking face generation with portrait customization. First, the
talking face generation module is fed audio and video to generate lip-
synchronized video. Afterwards, the face swapping module modifies
the identity of the generated video. Alternately, the two steps may
be performed in reverse, as demonstrated by the audio-video mul-
timodal deepfake dataset FakeAVCeleb [1]. This cascading method
permits the generation of mouth shapes synchronized with arbitrary
speech, as well as the ability to freely switch identities.

Wav2Lip has received considerable attention due to the accuracy
of its generated mouth shapes among the existing methods for talk-
ing face generation. SimSwap has a simple training procedure and
can generalize to arbitrary identity while preserving the attributes of
the target face. However, there are some issues with cascading these
two advanced techniques to achieve the desired outcomes. While
generating videos with excellent lip-sync mouth shapes, Wav2Lip
is limited by the output resolution of 96x96 and the blurring of re-
sults. For face swapping module, the modification of the face also
has an impact on the accuracy of the mouth shape. In the meantime,
the two-step cascade approach requires training for the talking face
generation module and the face swapping module respectively. This
process not only brings about a lengthy training process, but also
results in the accumulation of errors and loss of information during
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Fig. 1. The structure of our proposed framework as a whole.
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data transfer. In addition, the stacking of modules in the cascade
approach inevitably results in a slower inference speed.

Therefore, we propose an end-to-end model that can accommo-
date both talking face generation as well as personalized portrait cus-
tomization. We summarize the contributions as follows:

1. We propose an end-to-end audio-driven talking face genera-
tion model that supports face swapping and is able to generate highly
accurate mouth shapes.

2. The proposed approach allows the generated results to retain
more facial texture information compared to the cascade approach
and also alleviates the blurring of Wav2Lip.

3. The effectiveness of the proposed end-to-end model is tested
on the HDTF dataset [14], and the result shows considerable perfor-
mance improvement of inference speed.

2. METHODOLOGY

Given a target video, a source face image, and an arbitrary audio,
our method can generate a talking face video in which the identity
information comes from the source face image, the mouth shape is
synchronized with the given audio, and the other parts come from
the given target video.

2.1. Model architecture

To implement an end-to-end talking face generation method that sup-
ports face swapping, we combine the benefits of advanced talking
face generation and face swapping techniques. We propose a model
that combines concepts from Wav2Lip and SimSwap, as shown in
Figure 1.

The model has three modules: the audio feature extraction mod-
ule, the face feature extraction module, and the decoder. The first
two parts of the model take audio, the target video frames and the
source face image as inputs, and generate talking face video frames
synchronized with the input audio and with the identity of source
face.

The Mel-spectrograms of audios are sent to the audio feature ex-
traction module as input. Firstly, an audio encoder Enc, consisting
of 14 residual convolutional blocks with batch normalization layer
and ReLU activation encodes the Mel-spectrograms to 512-D audio
feature. Then the module maps it to an intermediate feature map
fa € R56X12X12 through several transposed convolutional blocks
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Vres Ground Truth frames
—— ArcFace
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so that the audio feature is consistent with the face feature at dimen-
sion.

The face feature extraction module is composed of a face en-
coder Ency, an identity extractor ArcFace [15], and an ID injection
module borrowed from SimSwap. The face encoder takes the tar-
get video frames corresponding to the audio and converts them into
feature maps fig € R°'2X12X12  The identity extractor ArcFace
extracts the 512-dimensional ID feature vs,. from the source face.
Then the ID injection module takes vy, and fig4: as input, and trans-
fer the identity feature of source face vs,c into the feature map of
target face f:4¢ through a stack of 9 residual ID-Blocks consists of
CNN layers and AdalN layers. After that, the ID injection module
changes figt to figt(Vsre).

After getting the extracted audio feature f, and face feature
ftgt(Vsre), these two features are concatenated together. Finally,
the concatenated feature feo; € R768*12%12 {5 sent to the decoder
consisting of 5 transposed convolutional blocks and 3 convolutional
blocks. The decoder outputs the video frame with the identity of the
source face and lips synchronized with the audio frame.

2.2. Lip-synchronized

Whether the mouth shape generated by the talking face generation
method is synchronized with audio is an important factor affecting
performance. Inspired by Wav2Lip, we use the pre-trained lip-sync
discriminator [2, 16] to supervise the model to generate accurate
mouth shapes. This lip-sync discriminator takes the generated video
frame and paired audio frame as input and outputs the probability of
lip-sync Piyne . The model is optimized by the loss of lip-sync Liync :

Lo = 15" 10g (i) M)
i=1

2.3. Identity information injection

In some existing face swapping methods [11,17,18], the model only
takes the identity feature extracted from an arbitrary source face as
the channel offers identity information to generate a target image
with the identity feature of the source face. Identity feature makes a
substantial impact on facial texture. Consequently, we introduce the
ID injection module from SimSwap and employ identity infomation
to improve the texture details of final results. The identity injection
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module allows our proposed end-to-end model to both support face
swapping and preserve more texture details while generating highly
accurate mouth shapes. As demonstrated in Figure 1, our model
employs ArcFace to extract the identity feature of the source face
Isrc. And the ID injection module transfers identity infomation to
the target video frame from Is,..

The ID injection module consists of 9 ID-Blocks. Each ID-
Block consists of two convolutional blocks with AdaIN, and an
ReLU activation function is inserted between these them. The
formulation of AdalN in our task can be written as:

AdalIN (fige, Vsre) = Usrcw + lsre 2

o(figt)
Here, i1( fig¢) and o ( fig¢) is the channel-wise mean and standard de-
viation of the input feature fig¢. osrc and psrc are predicted by full
connected layers from vs,c. Since there’s no Ground Truth in face
swapping task, we use the cosine similarity loss between the identity
features of the source face vs,. and the result video frame v,es to
guide network optimization and convergence. The loss function is

formulated as follows:

Lra=1— VUres * Usrc 3)

Toreslly Tosrelly

where v,es and vsr. denote the identity feature extracted by ArcFace
from the generated result and source face, respectively.

2.4. Training

We follow the framework of adversarial generative learning for
model training. Architecture of generator is described as Section
2.1 and Figure 1. And we adopt the multi-scale PatchGAN archi-
tecture [19] as the backbone of the visual discriminator. We apply
LSGAN [20] adversarial loss £ 44, because it performs more stably
during training. Besides, we use a Weak Feature Matching Loss [11]
as shown below:
Mo
Lwrm (D) = Z N,

i=m

D<i) (Igen) - D(i) (Itgt)

o

which can reduce the introduction of target texture information com-
pared to the Feature Matching Loss [21]. And this helps the modifi-
cation of identity information in target frames. Here m indicates the
layer of discriminator where we start to calculate the loss.

During training, we select 5 random consecutive video frames
from the dataset cropped according to faces as Ground Truth frames,
and then select 5 random consecutive video frames from the same
video as reference frames. After masking the lower half of Ground
Truth frames, masked Ground Truth frames and reference frames are
concatenated by color channel and fed into face encoder Ency. And
the reference frames keep the same as the Ground Truth frames while
inference. When batching the input frames in training, we train one
batch that the source face maintains the same identity as the target
video frame and another batch the source face with different identity
from the target video frame. For the batches with source faces of the
same identity, we use the following loss function:

Liotal = MLrp1 + NiLlra + AS‘CS’!/TLC + )\fLme + L Adv ()

where the \. are balancing coefficients. For the batches with source
faces of the different identities, we remove the L£r,1 loss:

N
1
Ele = N Z; HLgen - LGTHl (6)

where the £1,1 loss means L1 loss between Ground Truth frames and
generated frames at a pixel level.

3. EXPERIMENTS
3.1. Dataset

An issue in training a model capable of generating both lip-
synchronized faces as well as identity feature swapping in an
end-to-end manner is how to accommodate the different types of
datasets required for the two tasks. The training data for talking
face generation is generally from video datasets with continuous
pictures, such as VoxCeleb2 [22] and LRS2 [23]. However, face
swapping methods usually use face image databases with a lot of
identities, such as VGGFace2-HQ [24, 25]. Thousands of identi-
ties are included in VGGFace2-HQ, and each identity has tens of
photographs, but each photograph was taken in distinct settings.

We utilize the HDTF video dataset [14] for training due to its
high-quality audio-video synchronization and its resolution similar-
ity to VGGFace2-HQ after cropping face. The dataset contains about
300 identities, and each video has only one identity. We treat the
frames of each video as different photos of the same person.

We divided the HDTF video dataset into training and test sets in
the ratio of 9:1. Half of the videos in the test set have IDs from the
training set but are not involved in training. The IDs of the other half
are not in the training set. We shuffle the whole test set into pairs
of target video and source face and use the original audio of the tar-
get video as model input. We select the first frame of the video as
the source face. For fair comparison, Wav2Lip, SimSwap, and the
proposed end-to-end model are in the 96-resolution version of the
training set. And the test set keeps the same settings. We evaluated
the effectiveness of the proposed method on the test set and com-
pared it with the cascade method that SimSwap follows Wav2Lip.

The audios are pre-processed to 16kHz, then converted to Mel-
spectrograms with FFT window size 800, hop length 200, and 80
Mel filter-banks. The target videos with cropped faces are in 25
frames-per-seconds and each video frame is corresponding to the
audio with a 200ms window length.

Table 1. Quantitative evaluation on the test sets of videos.

Method LSE-D| LSE-Ct LMD| LMD-m/]
GT 7.19 7.74 - -
Wav2Lip 6.02 8.65 2.648 2.721
Cascade 8.14 6.02 3.361 3.114
Proposed 5.88 9.09 3.161 2.984
3.2. Results

The results of the quantitative evaluation regarding lip-sync are
shown in Table 1. LSE-D and LSE-C [2] are adopted for quanti-
tative evaluation of lip-sync performance. Then we use LMD and
LMD-m [26] to account for the accuracy of mouth shapes and lip
sync. Our method performs better than the cascade method on all
of these metrics. Notably, LSE-D and LSE-C of Wav2Lip and our
proposed method outperform Ground Truth. This proves that their
lip-sync results are comparable to the Ground Truth. The LMD and
LMD-m of the cascade method and our method demonstrate a slight
drop compared to Wav2Lip. This is in line with our assumption
because the shape of the mouth and face are somewhat altered after
identity modification as Figure 2 and Figure 3 show.

Table 2. Visual quality evaluation on the test sets of videos.

Method FID| CPBD 1 ID-Retrieve T
Ground Truth - 0.427 -
Wav2Lip 53.9 0.353 -
Cascade 74.8 0.340 100.0
Proposed 49.9 0.470 85.7
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Fig. 3. Comparison between the cascade method and our proposed
method. The mouth shapes generated by our method are more sim-
ilar to Ground Truth than the cascade method. Moreover, compared
to the blurred results generated by the cascade method and Wav2Lip,
our approach preserves richer texture information.

We evaluated the visual quality of the generated frames. The cu-
mulative probability blur detection (CPBD) [27] measure is adopted
to evaluate the sharpness of the results. To measure the quality of
the generated faces, we also report the Fréchet Inception Distance
(FID) [28]. The results of Table 2 and Figure 2 provide supporting
evidence that our proposed method can better preserve texture infor-
mation. The cascade method performs worse than Wav2Lip on the
metrics FID and CPBD, indicating that more image details are lost

S(224) W(96)=>S(224) W(96)=>S(96) Proposed(96)
{HDTF} {HDTF} {HDTF} {HDTF}

Fig. 2. The visual results of different methods according to single video frame. The identity information comes from the source face image, the
mouth shape is synchronized with the original audio, and the other parts come from the given target video frame. The ‘W’ means Wav2Lip,
and the ‘S’ means SimSwap. The numbers in the pointed brackets indicate the resolution of the training data. Words in parentheses designate
the dataset used. The arrows indicate the direction of data transfer in the cascade method. Observing the results in the red box, we discover
that our proposed method generates images with more facial texture information and mouth details.

after face swapping. Observing the results in the colorful boxes of
Figure 2, we discover that SimSwap alone can successfully switch
identities while maintaining the facial texture. However, the cascade
method results in blurry images because of quality loss introduced
by Wav2Lip. Then ID-Retrieve is used to evaluate the performance
of face swapping.

Table 3. The comparison of inference RTF. The evaluation is con-
ducted on a single NVIDIA V100 GPU. RTF denotes the average
time to generate one-second videos.

Method RTF Speedup

Cascade  0.2005 = 0.0239 1.00x
Proposed 0.1024 + 0.0168 1.96 x

Additionally, we compare the average inference real time fac-
tor (RTF) of the cascade method and our proposed model as shown
in Table 3. Each video for testing is around 10 seconds and we re-
peat the test procedure for 20 times. According to the results, our
proposed end-to-end method is 1.96 times faster compared to the
cascade method.

4. CONCLUSION

In this work, we propose an end-to-end model that combines the ad-
vantages of Wav2Lip and SimSwap and enables audio-driven face
generation with customizable portraits. Our method achieves lip-
sync accuracy comparable to real synced videos, preserves more tex-
ture details than the cascade method, and also alleviates the blurring
of Wav2Lip. In addition, our approach streamlines process pipeline
and improves the inference speed. Experiments demonstrate the ef-
fectiveness of the proposed method in both quality and efficiency.
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