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Abstract

The purpose of this project is to produce facial reenactment from a target
video and provided source audio. Audio frequency information as well as
facial identity recovery via non-rigid model-based bundling is derived from
video training data. This multimodal training data is processed by a generative adversarial network which produces G, a generator of face shape based
on audio information and D, a discriminator of the face shapes produced.
G can subsequently be used to produce a reconstructed synchronization.
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Context

Recent breakthroughs in artificial intelligence and deep learning have revolutionized many areas of machine learning research including text to audio
speech [21], audio speech to text [5], video to text lip reading [2], text to
machine translated text [23], audio music generation [9] and image to image
conversion [10]. Video to video facial matching and reconstruction has been
shown to be effective when using model-based bundling and subspace deformations as demonstrated by Face2Face [20]. Combining these techniques
with techniques from generative adversarial networks [14] and multi modal
deep learning [13] has the potential to allow for convincing resyncing based
on audio.
Although it is not possible to get the full range of emotion from audio
alone as each phoneme can have many visemes, it is possible to get a good
approximation [2, 19]. Audio visual lip syncing is a well explored topic due
to its importance in film, game, and virtual reality dubbing. Past techniques
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include utilizing database mapping [4, 18], following a probability distribution over possible facial motions [3, 12], using physiological based models
focusing on lower mouth movement followed by motion blending [6, 22], as
well as trained neural networks [8, 11].
The primary advantage neural networks have over other methods is they
do not require specialized knowledge of psycholinguistics or facial structures,
however their primary disadvantage is they often require a large amount of
labeled training data. Generative adversarial networks help to alleviate this
problem by allowing for unsupervised learning [14]. This technique has the
potential to greatly simplify audio visual synchronized reconstruction.
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Methodology

The GAN model consists of a generator G which maps a vector z sampled
from a prior distribution Pz , to a set of face shapes and audio frequencies from video training data, and a discriminator D which when provided
with face shapes and audio frequencies outputs a probability indicator as to
whether the input is as convincing as the training data.

Figure 1: Generator G and discriminator D are trained by audio frequency
and face shapes from video data.
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Figure 2: Given a vector z from prior distribution Z, G(z) outputs reasonable face shapes and audio frequencies based on the training data.
The goal of the generator is to have the discriminator classify its video
output as valid while the goal of the discriminator is to discriminate between
what is produced by the generator and what is sampled from the training
data Pdata . This can be represented by the following minimax game.
min max Ex∼pdata log D(x) + Ez∼pz [log(1 − D(G(z)))]
G

D

(1)

Both G and D are deep neural networks trained with an alternating
gradient descent algorithm [7]. Once training is complete, D is able to
identify video data that appears fake and D is able to produce convincing
video data.
The next step is to create a process such that given a provided audio
frequency input and face shape information other than mouth and jaw to
convincingly generate the missing mouth and jaw face shape. Here it is
possible to apply a similar technique to that used by image inpainting [1,24].
The generator is trained to produce convincing video data from a vector
z, however the output would be arbitrary video data of a face shape speaking, not the desired output xreconstructed . To produce the requisite missing
mouth and jaw face shape information to generate video data specific to the
provided data y requires projecting the requisite properties onto the manifold of G, generating ẑ, G(ẑ) being the missing mouth and jaw data. Here
M is the binary mask for the parts of the image to be retained.

3

y + (1 − M )

xreconstructed = M

G(ẑ)

(2)

Creating xreconstructed from the projection onto G requires minimizing
the contextual loss Lcontextual (z). This can be represented by the element
wise subtraction of the generated values M G(z) from the known values
M y and taking the l1 norm.
Lcontextual (z) = ||M

G(z) − M

y||1

(3)

It is important the discriminator D finds the new video data convincing,
this can be represented by Lperceptual (z).
Lperceptual (z) = log(1 − D(G(z)))

(4)

The value ẑ that will minimize contextual and perceptual loss is calculated using back propagation. Here λ represents the estimated importance
of contextual loss verses perceptual loss. This is expected to be less than 1
as the contextual data represents ground truth.
ẑ ≡ arg min(Lcontextual (z) + λLperceptual (z))
z

(5)

This value ẑ can then be used to construct the final video data xreconstructed .
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Improvements and Challenges

There are many different types of neural networks that could potentially be
applied to this problem. Using deep convolutional neural networks [14] could
allow for the use of raw image data instead of face shape matching utilizing
non-rigid model-based bundling. It is also possible a neural network could
be used to better inform the face shape matching. How much preprocessing
should be performed can be similarly examined in the use of Fast Fourier
Transform versus raw audio files [16].
It may also be effective to apply a recurrent neural network which would
allow an LSTM to maintain more past information, as the parameter for
how much video time to use and the frame rate would otherwise need to
be preset. Unfortunately it is difficult to know what will produce the best
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results so some degree of trial and error is required. The combination of
specialized knowledge and machine learning techniques is the most likely to
result in an effective solution.
Requiring extensive time and CPU and GPU power to train can also
reduce the effectiveness of machine learning techniques. It may be possible to improve results and increase speed utilizing techniques drawn from
stochastic superoptimization and logic programming [17].
The fact that the information provided is multimodal, involving both
face shape and audio frequency data, may also pose a challenge although
there are techniques to mitigate this [13]. Deep learning parameters will
need to be preset or trained against as well as the use of pre and post
processing techniques such as Poisson blending or audio source separation
and enhancement. One technique that shows promise is the merging of
nonnegative matrix factorization and deep learning to derive meaningful
speech separation and enhancement [15].
Another potential challenge is that GAN inpainting can have odd results
if training data is insufficient to cover all cases [24]. Live action video in
particular can result in what is colloquially known as ”uncanny valley.”
Reconstructed lip syncing techniques could be applied to animated media
without this challenge, paving the way for future work on live action.
GANs have the ability to infer semantic information from provided environmental data. The generator G is trained to describe a convincing manifold over the probability distribution Pdata offering the potential of derive
meaningful information for reconstructed lip syncing as well as general segmentation without the need for explicitly labeled data.
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Expected Results

Utilizing methods drawn from deep learning research such as generative
adversarial networks and potentially deep recurrent and convolutional networks as well as specialized knowledge in graphics for facial identity recovery
such as non-rigid model-based bundling from video footage opens the possibility for a photo-realistic lip-syncing system that could reconstruct lip
syncing from a target video given a provided source audio.
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