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(57) ABSTRACT

A computer-implemented method of changing a face within
an output image or video frame that includes: receiving an
input image that includes a face presenting a facial expres-
sion in a pose; processing the image with a neural network
encoder to generate a latent space point that is an encoded
representation of the image; decoding the latent space point
to generate an initial output image in accordance with a
desired facial identity but with the facial expression and
pose of the face in the input image; identifying a feature of
the facial expression in the initial output image to edit;
applying an adjustment vector to a latent space point cor-
responding to the initial output image to generate an
adjusted latent space point; and decoding the adjusted latent
space point to generate an adjusted output image in accor-
dance with the desired facial identity but with the facial
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expression and pose of the face in the input image altered in
accordance with the adjustment vector.
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1
METHOD AND SYSTEM FOR
LATENT-SPACE FACIAL FEATURE EDITING
IN DEEP LEARNING BASED FACE
SWAPPING

CROSS REFERENCE TO RELATED
APPLICATIONS

This application is related to concurrently filed U.S.
patent application Ser. No. 17/707,785 for “METHOD AND
SYSTEM FOR DEEP LEARNING BASED FACE SWAP-
PING WITH MULTIPLE ENCODERS” filed on Mar. 29,
2022, the disclosure of which is hereby incorporated by
reference in its entirety for all purposes.

BACKGROUND OF THE INVENTION

Face swapping is the process of replacing an actor’s face
in a plate with another person’s face. In visual effects, face
swapping is desirable for many creative goals, like replacing
the face of a stunt double with that of the main actor or to
achieve de-aging by swapping the face of a present-day
actor with a younger looking face learned on archival
footage. In the recent past, face-swapping techniques based
on deep learning have become popular and are starting to see
adoption for high quality visual effects production. These
techniques typically employ encoder-decoder neural net-
works where the encoder ingests images of the actor to be
replaced (e.g. the stunt double) and outputs a “latent space
point” (a lower-dimensional abstract representation of that
input data). An identity-specific decoder can then transform
this latent space point back into an image in which the stunt
double’s face is replaced with the main actor’s face.

While some currently available deep-learning face swap-
ping techniques can do a good job at translating the facial
expression of a source actor (e.g., stunt double) to target
character in many instances, improvements in this regard are
continuously being sought. In particular, one challenge with
many deep learning techniques is the lack of control over the
swapped image. For example, the eye gaze in the replaced
face might be slightly off and there is no clear, easy way to
correct the eye gaze direction.

BRIEF SUMMARY OF THE INVENTION

Embodiments set forth in the present disclosure are
directed to methods and systems for performing face swap-
ping. Embodiments of the present disclosure enable face
swapping to be performed with a high degree of accuracy
and can generate high resolution output images that are
sufficient to use in the generation of film-production quality
images and videos. In some embodiments, a progressively
trained, multi-way neural network is provided. The network
can embed input faces in a shared latent space and can
decode the embedded faces as an output face selected from
any of the various different facial identity options supported
by the network while maintaining the facial expression of
the input face.

In some embodiments, instead of a single encoder that
encodes the entire input image, the neural network includes
multiple encoders that encode different parts of an input
image into separate latent space vectors representative of
each part. When concatenated together, the separate latent
space vectors represent the entire image. By providing
multiple, separate encoders for different portions of a single
image, embodiments can enable expressions of an output
image generated by a decoder to be more faithful to the
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original expression in the input image in some instances than
when a single encoder is employed to encode the entirety of
the input image.

In some embodiments, the neural network includes an
editing capability in which a latent space point generated by
the encoder can be edited to achieve a desired alteration to
the facial swap output. If edits to the facial expression in an
output image are desired, such embodiments allow the
alterations to be performed with less labor by filmmakers
and digital artists than some other face swapping techniques.

In some embodiments, a computer-implemented method
of changing a face within an output image or video frame
includes: receiving an input image that includes a face
presenting a facial expression in a pose; separately encoding
different portions of the image by, for each separately
encoded portion, generating a latent space point of the
portion, thereby generating a plurality of multi-dimensional
vectors where each multi-dimensional vector is an encoded
representation of a different portion of the input image;
concatenating the plurality of multi-dimensional vectors into
a combined latent space vector; and decoding the combined
latent space vector to generate the output image in accor-
dance with a desired facial identity but with the facial
expression and pose of the face in the input image.

Various implementations of the method can include one or
more of the following features or additional steps. After
receiving the input image and prior to separately encoding,
identifying different features within the image that correlate
to the different portions of the image. Normalizing the input
image prior to the receiving step. Resizing the input image
prior to the receiving step. For each of the different features
identified, extracting, from the input image, an image seg-
ment that comprises the identified feature thereby generating
a plurality of image segments. Each of the image segments
can be a predetermined size. Incorporating the output image
into one or more of a movie, a video, a video game or virtual
or augmented reality content.

In some specific implementations, the plurality of image
segments can include: a first image segment that contains a
portion of the input image with a left eye of the face, a
second image segment that contains a portion of the input
image with a right eye of the face, a third image segment that
contains a portion of the input image with a mouth of the
face, and a fourth image segment that contains a remaining
portion of the input image not included in the first, second
or third image segments. Each of the first, second, third and
fourth image segments can comprise a predetermined size.
The separately encoding step can comprise generating a first
latent space point of a left eye of the face in the input image,
generating a second latent space point of a right eye of the
face in the input image, generating a third latent space point
of' a mouth of the face in the input image and generating a
fourth latent space point of a remaining portion of the face
in the input image. The concatenating step can include
concatenating the first, second, third and fourth latent space
points into the combined latent space vector.

In some embodiments, a computer-implemented method
of changing a face within an output image or video frame
includes: receiving an input image that includes a face
presenting a facial expression in a pose; processing the
image with a neural network encoder to generate a latent
space point that is an encoded representation of the image;
decoding the latent space point to generate an initial output
image in accordance with a desired facial identity but with
the facial expression and pose of the face in the input image;
identifying a feature of the facial expression in the initial
output image to edit; applying an adjustment vector to a
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latent space point corresponding to the initial output image
to generate an adjusted latent space point; and decoding the
adjusted latent space point to generate an adjusted output
image in accordance with the desired facial identity but with
the facial expression and pose of the face in the input image
altered in accordance with the adjustment vector.

Various implementations of the method can include one or
more of the following features or additional steps. Repeating
the steps of applying an adjustment vector to the latent space
point corresponding to the initial output image to generate
an adjusted latent space point and decoding the adjusted
space point to generate an adjusted output image until the
adjusted output image has the desired facial expression. The
adjustment vector can be generated from a plurality of key
poses from selected images having a facial expression with
a selected trait. The adjustment vector can be generated from
a plurality of key poses from selected images having a facial
expression with a selected trait and the method can include
calculating latent space points for the selected images, and
generating the adjustment vectors by computing differences
between an average of latent space points for the selected
images and a neutral latent space point. The neural network
is trained to be identity agnostic. The input image is nor-
malized prior to the receiving step. The input image is
resized to a predetermined size prior to the receiving step. A
user can select one or more features in the initial output
image to adjust via a user interface. The user interface can
include a slider that allows the user to control a weighting of
the adjustment vector that is applied to the latent space point
corresponding to the initial output image. The output image
can be incorporated into one or more of a movie, a video, a
video game or virtual or augmented reality content.

Some embodiments pertain to a non-transitory computer-
readable medium that stores instructions for performing any
of the above methods. And, additional embodiments pertain
to a computer system that includes one or more processors
that execute such computer-readable instructions to perform
any of the above methods.

These and other embodiments are described in the fol-
lowing detailed description and the accompanying drawings.
It is to be understood, however, that each of the figures is
provided for the purpose of illustration only and is not
intended as a definition of the limits of the scope of the
present invention. Also, as a general rule, and unless it is
evident to the contrary from the description, where elements
in different figures use identical reference numbers, the
elements are generally either identical or at least similar in
function or purpose.

BRIEF DESCRIPTION OF THE DRAWINGS

Tlustrative embodiments of the present disclosure are
described in detail below with reference to the following
drawing figures:

FIG. 1A is a simplified block diagram of a deep learning
system according to some embodiments;

FIG. 1B is a simplified block diagram of a deep learning
system according to additional embodiments;

FIG. 2 is a simplified block diagram of a portion of a
machine language (ML) model according to some embodi-
ments

FIG. 3 is a simplified block diagram of a multi-encoder
system according to some embodiments;

FIG. 4 is a simplified flow diagram of steps associated
with a method of changing a face appearing in an image
according to some embodiments;

20

25

30

35

40

45

50

55

60

65

4

FIG. 5 is a simplified block diagram of a deep-learning
system according to some embodiments;

FIG. 6 is a simplified flow diagram of steps associated
with a method of generating adjustment vectors that can be
used to edit one or more features or aspects of a face
appearing in an output image according to some embodi-
ments;

FIG. 7 is a simplified flow diagram of steps associated
with a method of changing a face appearing in an image and
editing one or more features of the face according to some
embodiments; and

FIG. 8 is a simplified diagram depicting an example of a
user interface according to some embodiments that can
facilitate editing one or more features of a face generated by
a deep learning system.

DETAILED DESCRIPTION OF THE
INVENTION

In the following description, for the purposes of expla-
nation, specific details are set forth in order to provide a
thorough understanding of embodiments of the present
disclosure. However, it will be apparent that various
embodiments can be practiced without these specific details.
The figures and description are not intended to be restrictive.
The ensuing description provides exemplary embodiments
only, and is not intended to limit the scope, applicability, or
configuration of the disclosure. Rather, the ensuing descrip-
tion of exemplary embodiments will provide those skilled in
the art with an enabling description for implementing an
exemplary embodiment. It should be understood that various
changes can be made in the function and arrangement of
elements without departing from the spirit and scope of the
present disclosure as set forth in the appended claims.

Embodiments set forth below are directed to deep learn-
ing methods and systems for swapping a face in a source
image with a face in a target image. Embodiments of the
present disclosure enable such face swapping to be per-
formed with a high degree of accuracy and with high
resolution images. Thus, embodiments disclosed herein
enable the generation of film-production quality images and
videos. As described below, in some embodiments a pro-
gressively trained, neural network, such as a comb network,
is provided. The network can embed input faces in a shared
latent space and can decode the embedded faces as an output
face selected from any of the various different facial identity
options supported by the network while maintaining the
facial expression of the input face. Some embodiments
separately encode different parts of an input image enabling
expressions of an output image generated by the system to
be highly faithful to the original expression in the input
image, and some embodiments allow an end-user to revise
or otherwise edit one or more aspects of the facial expression
in the output face in a relatively easy and efficient manner.

1. Deep Learning System Architecture

In order to better understand and appreciate embodiments
described herein, reference is first made to FIG. 1A, which
is a simplified block diagram of a system 1004 according to
some embodiments. As shown, system 100a includes a
machine learning server 110, a data store 120, and a com-
puting device 140 in communication over a network 130,
which can be a wide area network (WAN) such as the
Internet, a local area network (LAN), or any other suitable
network. Machine learning server 110 can include a proces-
sor 112, a system memory 114 and a model trainer 116. The
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model trainer 116 executes on processor 112 and can be
stored in system memory 114. The processor 112 can receive
user input from input devices (not shown), such as a
keyboard or a mouse. In operation, the processor 112 is the
master processor of the machine learning server 110, con-
trolling and coordinating operations of various system com-
ponents. In particular, processor 112 can issue commands
that control the operation of a graphics processing unit
(GPU) that incorporates circuitry optimized for graphics and
video processing, including for example, video output cir-
cuitry. The GPU can deliver pixels to a display device that
can be any conventional or appropriate display, such as a
cathode ray tube display, a liquid crystal display, a light-
emitting diode display, or the like.

System memory 114 can store content, such as software
applications and data, for use by processor 112 and the GPU.
The system memory 114 can be any type of memory capable
of storing data and software applications, such as a random
access memory (RAM), a read-only memory (ROM), an
erasable programmable read-only memory (EPROM or
Flash ROM), or any suitable combination of the foregoing
or other suitable memory components. In some embodi-
ments, a computer-readable storage unit (not shown) can
supplement or replace the computer-readable system
memory 114. The computer-readable storage unit can
include any number and type of external memories that are
accessible to the processor 112 and/or the GPU. For
example, and without limitation, the storage unit can include
a Secure Digital Card, an external Flash memory, a portable
compact disc read-only memory (CD-ROM), an optical
storage device, a magnetic storage device, or any suitable
combination of the foregoing or other suitable storage
devices.

It will be appreciated that machine learning server 110 is
illustrative and that variations and modifications are pos-
sible. For example, the number of processors 112, the
number of GPUs, the number of system memories 114, and
the number of applications included in system memory 114
can vary or be modified as desired. Further, the connection
topology between the various units in FIG. 1A can be
modified as desired. In some embodiments, any combination
of processor 112, system memory 114, and a GPU can be
replaced with any type of virtual computing system, distrib-
uted computing system, or cloud computing environment,
such as a public, private, or a hybrid cloud.

Model trainer 116 is configured to train machine learning
models, including a machine learning (ML) model 1504 that
can be used to swap the identities of faces in images.
Example architectures of the ML, model 150a, as well as
techniques for training the same, are discussed in greater
detail below.

As shown, ML model 150q includes an encoder 152 and
a decoder 154a. The encoder 152 and the decoder 154a can
be any technically feasible type of encoder and decoder,
respectively. In some embodiments, encoder 152 can be an
encoder of an autoencoder, and decoder 154a can be a
decoder of the autoencoder. Operation(s) performed by
encoder 152 to encode an image into a latent space point
(i.e., a representation of compressed data in which similar
data points are closer together in space) are sometimes
referred to herein as “encoding operation(s).” Operation(s)
performed to generate an output image from a latent space
using decoder 154a are sometimes referred to herein as
“decoding operation(s).”

As discussed in greater detail below, encoder 152 can take
as input a two-dimensional (2D) image that includes a face
and that has been normalized. For example, the image could
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6

be a high-definition (HD) resolution image, such as an image
having a megapixel resolution, including a face that has been
normalized. As used herein, normalization refers to an
alignment procedure that fits landmarks on a face appearing
in an image to match landmarks of a generic face with a
neutral expression. As a result, facial features such as the
eyes, nose, etc. are at similar locations within normalized
images that are input into encoder 152, which can improve
training of the ML, model 150q4. In embodiments, an image
can be normalized in any technically-feasible manner,
including using face alignment techniques to compute an
affine transformation that rotates, scales, translates, etc. the
image, and/or cropping the image. An affine transformation
is a linear mapping that preserves points, straight lines, and
planes. For example, in some embodiments, normalizing an
image includes detecting a largest face in the image and
determining the locations of facial landmarks using a modi-
fied Deep Alignment Network (DAN). In such cases, the
image is then rotated and scaled so that the eyes of the
largest face lie on a predefined horizontal line and have a
predefined ocular distance. The image can then be cropped
and resized to a predetermined size, e.g., 1024x1024 pixels.

Given a normalized image that includes a face, encoder
152 can perform an encoding operation that outputs an
encoded representation of the normalized image, which is
also referred to herein as a “latent space point” of the
normalized image. The latent space point can be a most
compressed version of the normalized image generated by
encoder 152. Encoder 152 can learn to generate such a latent
space point during training and can also generate such a
latent decoding from previously unseen data. Decoder 154a
can then take as input the latent space point output by
encoder 152 and perform a decoding operation that outputs
a 2D image including a face. The image that is output by
decoder 1544 can include a different facial identity, i.e., be
a face swap in which the facial identity going into the
encoder 152 differs from the facial identity assignment of the
decoder 154a. Even though decoder 154a can change the
facial identity appearing in an image, the performance of the
face in the image, including the facial expression and pose,
are not changed by the decoder 154a. For example, given an
input image that includes an individual who is smiling and
rotated in a particular direction, decoder 1544 can generate
an output image in which a different individual is smiling
and rotated in the same direction.

As shown in FIG. 1A, decoder 1544 can include multiple,
separate decoders 154(1), 154(2) to 154(») where each of the
separate decoders can correspond to a different facial iden-
tity or sometimes to the same facial identity in different
lighting conditions. The latent space point generated by
encoder 152 can be selectively provided as an input to any
one of the decoders 154(1) to 154(z). The selected decoder
can then generate and output a 2D pixel-space image of its
associated facial identity with the facial expression and pose
of the face in the input image. Further details of some
embodiments of encoder 152 and decoder 1544 are set forth
in U.S. Pat. No. 10,902,571, entitled “Automated Image
Synthesis using a Comb Neural Network Architecture”,
which is hereby incorporated by reference in its entirety for
all purposes.

Training data and/or trained machine learning models,
including ML model 1504, can be stored in the data store
120 and deployed in any suitable application, such as a face
changing application 146a. In some embodiments, the train-
ing data includes videos in which multiple facial identities
appear under similar environmental and lighting conditions.
For example, the environmental conditions can include the
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same setup, with the same background behind individuals
who are recorded in the videos. In addition, frames in which
faces are partially covered, or blurred due to motion, can be
removed. In some embodiments, ML model 150a can be
trained using progressive training techniques that minimize
reconstruction loss, as described in greater detail U.S. Pat.
No. 10,902,571 referenced above. Notably, such training can
be self-supervised, in contrast to the supervised training
used to train conventional neural network models, and the
self-supervised training can also require less training data. In
some embodiments, data store 120 can include any storage
device or devices, such as fixed disk drive(s), flash drive(s),
optical storage, network attached storage (NAS), and/or a
storage area-network (SAN). Although shown as accessible
over the network 130, in some embodiments the machine
learning server 110 can include the data store 120.

Tlustratively, face changing application 146q is stored in
a computer-readable memory 144 and executes on a pro-
cessor 142 of computing device 140. Components of com-
puting device 140, including memory 144 and processor
142, can be similar to corresponding components of
machine learning server 110. As shown, face changing
application 146a includes machine learning (ML) model
150a. More generally, ML model 150a can be deployed to
any suitable application or applications. For example, face
changing application 1464 could be a face-swapping appli-
cation that changes the facial identities appearing in stand-
alone images or the frames of'a video using ML model 150a.
As another example, face changing application 1464 could
be an application that blends a computer-generated (CG)
performance of a character with a matching performance by
an individual using ML model 150a.

While FIG. 1A depicts a single machine learning server
110 and a single computing device 140, the number of
machine learning servers and computing devices can be
modified as appropriate and desired. Further, the function-
ality included in any of the applications described with
respect to FIG. 1A can be divided across any number of
applications or other software that are stored and execute via
any number of devices that are located in any number of
physical locations.

FIG. 1B is a simplified block diagram of a system 1005
according to some additional embodiments. System 1005 is
similar to system 100a and includes many of the same
elements as system 100q. Like reference numbers in FIG.
1B represent like elements in FIG. 1a and thus descriptions
of some such elements are not repeated herein for the sake
of brevity. One difference between systems 100a and 1005
is that system 1005 includes a machine learning (ML) model
1504 that is part of face changing application 14656. ML
model 1505 includes a single, large decoder 1545, which in
turn, can output any of the facial identities system 1005 can
generate instead of having a separate decoder for each
identity. Implementing decoder 1545 as a single, large
decoder can enable a smaller memory footprint relative to an
architecture that uses multiple, separate decoders and can
permit more efficient training.

ML model 1505 enables the facial identity in an image
output by decoder 1545 to be selected by varying parameters
that control layers within the decoder 154 and/or change the
values of weights within the layers. Varying such parameters
to change the facial identities in images output by decoder
154 is also referred to herein as “tuning” ML model 1505.
As shown, ML model 1505 includes dense layers 156 whose
outputs can be directly used as the parameters, or used to
generate the parameters, for tuning ML model 1505. Dense
layers are sometimes also referred to as “fully-connected”
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layers. In some embodiments, dense layers 156 can include
different sets of dense layers for each facial identity that is
learned during training. In such a case, adaptive instance
normalization (AdalN) coeflicients output by the dense
layers for a given facial identity can be used to control
convolution layers within decoder 154 so that the decoder
154 generates images including the given facial identity.
AdaIN coefficients are coefficients that can be used to
perform multiplications and/or additions on activations of
convolution layers, which is similar to performing an affine
transformation and can cause decoder 154 to generate
images including different facial identities. Doing so essen-
tially creates multiple “virtual” decoders, one for each of the
different facial identities used to train ML model 1505.
Although described above with respect to set(s) of dense
layers, in some embodiments, a single dense layer may be
used in lieu of a set of dense layers. For example, dense
layers 156 can include a single set of dense layers for
multiple facial identities that are learned during training, and
such dense layers can output either AdaIN coefficients that
control convolution layers within the decoder 154 or weight
values for the convolution layers. Further details on embodi-
ments of decoder 1545, dense layers 156 and AdalN coef-
ficients are set forth in U.S. Patent Publication No. 2021-
0327038, entitled “Tunable Models for Changing Faces in
Images™, which is incorporated by reference herein in its
entirety.

FIG. 2 is a simplified block diagram of a machine
language (ML) model 200 according to some embodiments.
ML model 200 can be representative of ML model 1504 and
ML model 1505 shown in FIGS. 1A and 1B, respectively,
and can thus be part of face changing applications 1464 and
1465. As shown, ML model 200 includes an encoder 220
and a decoder 240. Decoder 240 can be implemented in a
variety of different ways. In some implementations decoder
240 can include multiple, separate decoders, each of which
can generate images of a different facial identity as described
above with respect to decoder 154a. For example, decoder
240 could include n separate decoders, each of which is
associated with a different facial identity in a set of facial
identities 1 to identity n. In other implementations, decoder
240 can include one or more sets of dense layers that can
generate different facial identities as described with respect
to decoder 1545. For example, decoder 240 could include n
sets of dense layers, each of which is associated with a
different facial identity in a set of facial identities 1 to
identity n.

Having decoder 240 associated with different facial iden-
tities, enables ML, model 200 to generate images that include
those facial identities, as well as combinations thereof,
which are also referred to herein as “interpolations™ of the
facial identities. When ML model 200 is trained correctly,
any input face can be swapped into any target face.

As shown in FIG. 2, target and source images can be
encoded into a shared latent space 230. When used to
transfer a performance from a source actor to a target actor,
the source image is encoded and then decoded as the target
while matching the performance of the source. For example,
face changing application 146 can input an image 210
including a face into the ML, model 200. As described, the
image 210 can be, e.g., a normalized image in which
landmarks of a face appearing in the image 210 have been
aligned to match landmarks of a generic face with a neutral
expression and the image has been cropped to a predefined
size. Although a single image 210 is shown for illustrative
purposes, multiple images, such as the frames of a video,
may also be processed (sequentially) using the ML model
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200. As shown, the encoder 220 processes the input image
210 to generate a latent space point carrying the latent space
representation 230 of the image 200. Thereafter, the latent
space point is input into the decoder 240, which generates an
output image 250 in accordance with a desired facial identity
but with the facial expression and pose of the face in the
input image.

II. Multiple Encoders

As described above, given a normalized image that
includes a face, encoder 152 can output an encoded repre-
sentation of the normalized image, which is also referred to
herein as a “latent space point” of the normalized image. The
latent space point can be in the form of multi-dimensional
vector that include hundreds of dimensions (and thus is
sometimes referred to herein as a “latent space vector”). As
a non-limiting example, in some embodiments the latent
space point can be a 512 dimension vector. In some embodi-
ments, a single encoder encodes the entire face within image
210 as a single latent space point. Other embodiments,
however, can include multiple encoders each of which
encodes a portion of image 210. For example, the eyes and
mouth of a person can be encoded separately from the rest
of'the face. Such an embodiment is depicted in FIG. 3, which
is a simplified block diagram of a multi-encoder system 300
according to some embodiments, which can be representa-
tive of encoder 220.

Reference is now made to both FIG. 3 and FIG. 4, which
is a simplified flow diagram of steps associated with a
method 400 of changing a face appearing in an image
according to some embodiments. As shown in FIG. 3,
multi-encoder system 300 can include four separate encod-
ers 322, 324, 326 and 328 where encoder 322 is trained to
encode a left eye of a face in the input image, encoder 324
is trained to encode a right eye of the face in the input image,
encoder 326 is trained to encode a mouth of the face of the
input image and encoder 328 is trained to encode the
remainder of the face in the input image. It is to be
understood that the four separate encoders 322, 324, 326,
328 represent an illustrative embodiment only. In other
embodiments, fewer or more than four encoders can be
included in multi-encoder system 300 and individual encod-
ers in the system can encode different portions of an input
image. For example, in some embodiments a single encoder
can be trained to encode both the left and right eyes.

Method 400 can be initiated when an image, such as
image 210 shown in FIG. 2, and a selection of a facial
identity is received by a face changing application, such as
face changing application 146a or 1465, in which multi-
encoder system 300 is included (FIG. 4, block 410). For
example, the selected facial identity can be one of the facial
identities that the ML. model within face changing applica-
tion 1464 or 1465 (e.g., ML model 150a or ML, model 1505)
was trained for. Alternatively, the selected facial identity
could be an interpolation that combines the facial identities
that the MLL model was trained for. Although described with
respect to a single image, the face changing application 1464
or 1465 can also receive a video including multiple frames
that include faces and process each frame according to steps
of the method 400.

Face changing application 146a or 1465 can then nor-
malize the received image (block 420). As described, any
technically-feasible technique can be used to normalize the
received image, such as using well-known face alignment
techniques to compute an affine transformation for rotating,
scaling, translating, etc. the image, and/or cropping the
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image to a predefined size. Face changing application 1464
or 1465 can then process the image to identify portions of
the image (referred to herein sometimes as “image seg-
ments”) that correspond to the different encoders 322, 324,
326, 328 and separate out and crop each identified portion to
predetermined dimensions that are appropriate for the given
decoder (block 430). The identifying, separating and crop-
ping process can be done using any known technique for
identifying information and/or facial features within an
image including deep learning techniques. The predeter-
mined dimensions (e.g., a predetermined pixel resolution) at
which each portion of the image is cropped can depend on
the facial features that the particular encoder associated with
the cropped portion has been trained to but are generally
large enough to contain the entirety of the desired facial
feature. For example, in some embodiments the portions
cropped for encoders 322 and 324, which have been trained
on left and right eyes, respectively, can be identically sized
but can be smaller than the portion cropped for encoder 326,
which can be trained on a mouth.

With respect to system 300, block 430 can include iden-
tifying a portion of the input image that corresponds to a left
eye and thus correlates with encoder 322, a portion of the
input image that corresponds to a right eye and thus corre-
lates with encoder 324, a portion of the input image that
corresponds to a mouth and thus correlates with encoder 326
and the remainder of the face within the image that corre-
lates to encoder 328. In some embodiments, the portion of
the image that correlates to encoder 328 can be the entirety
of the face within the image minus each of the portions that
correlate to encoders 322, 324 and 326.

Once the different features in the images have been
identified and have been separated from the image and
cropped to appropriate, predetermined sizes, the different
image portions can be input to their respective encoders for
processing (block 440). In some embodiments, the process-
ing at each encoder can occur simultaneously while in other
embodiments it can occur sequentially or in any appropriate
order. During the processing of block 440, each encoder
generates a latent space point of the image portion it
received from block 430. Thus, encoder 322 can output an
encoded representation 332 of the left eye within the nor-
malized image; encoder 324 can output an encoded repre-
sentation 334 of the right eye within the normalized image;
encoder 326 can output an encoded representation 336 of the
mouth within the normalized image; and encoder 328 can
output an encoded representation 338 of the remainder of the
face within the normalized image.

As described, the latent space point can be a most
compressed version of the normalized image portion in
which favorable information has been preserved. In some
embodiments, a latent space can be the output of any
intermediate neural layers, such as dense or convolutional
layers, that exist between an encoder and decoder. Each
encoder 322, 324, 326, 328 learns to generate such an
encoded representation via known training methods, such as
the training techniques described in either of U.S. Pat. No.
10,902,571, entitled “Automated Image Synthesis using a
Comb Neural Network Architecture” or U.S. Patent Publi-
cation No. 2021-0327038, entitled “Tunable Models for
Changing Faces in Images”, each of which is referenced
above and incorporated herein in its entirety for all purposes.
The encoded representation generated by each of the encod-
ers 322-328 can be in the form of multi-dimensional vector
that include many dimensions. As a non-limiting example, in
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some embodiments the encoded representation output from
each of encoders 322, 324, 326, 328 can be a 128 dimension
vector.

Once the different latent space points have been generated
by each of the encoders 322, 324, 326, 328, the ML model
can generate the overall image latent space point (e.g., latent
space vector 330 shown in FIG. 3) as a concatenation of the
separate latent space points 332, 334, 336, 338 from each of
the separate encoder 322, 324, 326, 328, respectively (block
450). Thus, the four encoded representations 332, 334, 336,
338 equal an encoded representation 330 of the full image,
and in an embodiment where each of the latent space points
322, 324, 326, 328 is a 128 dimension vector, the overall
image latent space vector 330 is a 512 dimension vector. The
latent space vector (latent space point) 330 generated in
block 450 can then be decoded by a decoder within the ML,
model (e.g., decoder 240) using the techniques described
above, to generate an output image that has the selected
identity with the facial expression and pose of the face in the
input image (block 460).

The inclusion of multiple, separate encoders in encoder
system 300 can enable expressions of an output image
generated by the decoder (e.g., decoder 240) in block 460 to
be more faithful to the original expression in the input image
in some instances than when a single encoder is employed
to encode the entirety of the face within the input image.

III. Editing a Latent Space Point

As mentioned above, deep learning face swapping tech-
niques previously known to the inventors do not allow for a
director, special-effects artist or other end-user to control the
output image other than controlling the identity of the image.
Thus, as an example, if during production of a film or video,
a performance is captured in which the source actor was
looking in a different direction than the target actor is
looking in the video or film being produced, each frame of
the footage needs to be manually edited to change the
direction of the target actor’s eyes after the face swapping
process has been implemented. Such manual editing can be
time consuming and cost prohibitive in some instances.
Some embodiments disclosed herein provide a system that
can solve such problems by enabling the latent space point
generated by encoder 220 of the source facial shape to be
edited prior to being decoded and transformed into an image
that represents the target character’s face by decoder 240.

FIG. 5 is a simplified block diagram of a deep learning
system 500 according to some embodiments. System 500
can be similar to either of systems 100a or 1005 discussed
above and can include many of the same elements as those
systems. For the sake of convenience, like reference num-
bers in FIG. 5 represent like elements discussed above with
respect to FIGS. 1A and 1B, and thus descriptions of some
such like elements are not repeated herein for the sake of
brevity. One difference between system 500 and systems
100a and 1005 is that system 500 includes a machine
learning (ML) model 150¢ that includes a latent space editor
510 in addition to an encoder 152 and decoder 154. Encoder
220 and decoder 240 shown in FIG. 2 can be representative
of encoder 152 and decoder 154, respectively.

Latent space editor 510 allows a user of face swapping
application 146 to control certain aspects of the output
image generated by decoder 154 as described in detail
below. For example, in some embodiments, latent space
editor 510 allows a user to control the direction in which the
eyes of a target facial identity are directed in the output
image. As another example, in some embodiments, latent
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space editor 510 allows a user to control the degree at which
the mouth of a target facial identity is opened or closed in the
output image.

In some embodiments, latent space editor 510 can enable
an end-user to have essentially the same amount of control
over the final image as can be obtained with other facial
animation technologies such as technologies based meshes,
blend shapes and the like.

Latent space editor 510 can be generated from one or
more sets of images having particular facial expressions as
set forth in FIG. 6, which is a simplified flow diagram of
steps associated with a method 600 of generating adjustment
vectors. The adjustment vectors generated by method 600
can be used by latent space editor 510 to edit one or more
features or aspects of a face appearing in an output image
according to some embodiments. As shown, method 600 can
include training a neural network, including encoder 152
and decoder 154, within machine learning model 150c¢ on a
multiple variety of different identities to encourage making
the shared latent space (e.g., latent space 230 shown in FIG.
2) agnostic to any particular identity (block 610). In one
particular example, the neural network can be trained on
between 20-40 different identities, but it is to be understood
that any appropriate number of identities, including more
than forty or less than twenty, can be used with a goal of the
training to enable the shared latent space to be identity-
agnostic.

Once the neural network has been sufficiently trained, a
few key poses from images of one of these identities (or of
a different identity) that exhibit the features or traits that
latent space editor 510 is intended to modify are selected
(block 620). The selected images can be a subset of images
and identities from the set of images and identities used to
train the neural network, Alternatively, as long as the net-
work is trained to be identity-agnostic, the selected images
can be images from any identity as long as facial features in
the selected images exhibit the desired feature or trait. As an
example, for latent space editor 510 to be able to edit the
degree at which the mouth of a face in an output image is
opened or closed, a first set of images can be identified in
block 620 in which the mouth is opened and a second set of
images can be selected in which the mouth is closed. As
another example, if latent space editor 510 is to include the
capability to edit the direction in which the eyes of a face in
the output image are looking, images can be identified in
block 620 which the eyes are looking in a particular direc-
tion. Since left is the opposite of right and up is the opposite
of down, in order to generate adjustment vectors that allow
the eyes to be altered in either the left/right directions as well
as the up/down directions, sets of training images can be
selected that include eyes looking in each of the four
directions. To generate the left/right adjustment vector, a
first set of images can be identified where the eyes in the
images looking left and a second set where the eyes are
looking right. To generate the up/down adjustment vector, a
third set of images can be selected where the eyes in all the
images of the third set are looking up and a fourth set of
images can be selected where the eyes in all the images of
the fourth set are looking down.

Any reasonable number of images can be selected in
block 620 to generate the adjustment vectors. As a non-
limiting example, in some embodiments for each desired
characteristic or trait for which latent space editor 510 is to
be trained to alter, a set of between 5-10 images that exhibit
the selected characteristic or trait can be selected. In other
embodiments, fewer than five images or more than ten
images can be selected to train the latent space editor 510.
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Next, corresponding latent space points can then be
calculated for the selected images (block 630). In essence,
the calculated latent space points can define a specific
feature in the latent space (a specific latent direction).
Canonical adjustment vectors can then be defined (block
640). In some embodiments the adjustment vectors can be
defined by computing the vector between a neutral latent
space point and the action specific latent space point for the
selected images. For example, to produce an adjustment
vector that represents an open or closed mouth, an average
latent vector can be calculated from images from the set with
the mouth open and an average latent vector can be calcu-
lated from images from the set with the mouth closed. The
mouth open/closed adjustment vector can be calculated by
subtracting these two averages. As another example, to
produce an adjustment vector that represents eyes looking
up or eyes looking down, an average latent vector can be
calculated from images from the set with the eyes looking up
and an average latent vector can be calculated from images
from the set with the eyes looking down. The eyes up/down
adjustment vector can be calculated by subtracting these two
averages. Similarly, to produce an adjustment vector that
represents eyes looking left or eyes looking right, an average
latent vector can be calculated from images from the set with
the eyes looking left and an average latent vector can be
calculated from images from the set with the eyes looking
right. The eyes left/right adjustment vector can be calculated
by subtracting these two averages. In other embodiments,
principal component analysis (PCA) or other techniques can
be used to generate the adjustment vectors.

Given a new latent space point for a different identity
where an adjustment is required, an appropriate adjustment
vector out of the canonical available ones can be selected to
translate that latent space point. The translated latent space
point can then be fed to the decoder to yield a swapped
image similar to the original one, except with the facial
expression transposed onto the different identity and with
desired adjustment.

FIG. 7 is a simplified flow diagram of steps associated
with a method 700 of changing a face appearing in an image
and editing one or more features of the face according to
some embodiments. Method 700 can be initiated when an
image, such as image 210 shown in FIG. 2, and a selection
of a facial identity is received by a face changing applica-
tion, such as face changing application 146¢ (FIG. 5), in
which latent space editor 510 is included (FIG. 7, block
710). For example, the selected facial identity can be one of
the facial identities that the ML model within the face
changing application 146c¢ (e.g., ML model 150¢) was
trained for. Alternatively, the selected facial identity could
be an interpolation that combines the facial identities that the
ML model was trained for. Although described with respect
to a single image, the face changing application 146¢ can
also receive a video including multiple frames that include
faces and process each frame according to steps of the
method 700.

Face changing application 146¢ can then normalize the
received image (block 720). As described, any technically-
feasible technique can be used to normalize the received
image, such as using well-known face alignment techniques
to compute an affine transformation for rotating, scaling,
translating, etc. the image, and/or cropping the image to a
predefined size. Once normalized, encoder 152 can process
the normalized image and generate a latent space point
representative of the image (block 730). The latent space
point can then be decoded by 154¢ within the ML model
using the techniques described above, to generate an initial
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output image that has the selected identity with the facial
expression and pose of the face in the input image (block
740).

Depending on the desired characteristics of the output
image, one or more adjustments to the image might be
desired (block 750). For example, if the director of a film
would prefer that the mouth in the face in the output image
be opened slightly more, an adjustment to the output image
can be made. If no adjustment is required, the output image
can be considered finalized (block 760). If, on the other
hand, adjustments are desired, an adjustment vector appro-
priate for the adjustment can be selected (block 770). For
example, if the direction in which eyes in the initial output
image need to be changed, one or both of the eye left/right
or eye up/down adjustment vectors can be selected.

Next, the selected adjustment vector is applied to the
latent space point representative of the initial output image
to generate an adjusted latent space point (block 780). For
example, using linear algebra the adjustment vector can be
added to the latent space point representative of the initial
output image that is generated to nudge the feature or
characteristic being adjusted in the output image in the
desired direction. A new, adjusted output image can then be
generated by the decoder from the adjusted latent space
point (block 790). The new, adjusted output image can then
be reviewed and evaluated to determine whether additional
adjustments are desired (block 750). Blocks 770, 780 and
790 can then be repeated as many times as necessary until
the image generated by the decoder is accepted as a final
output image (block 760).

As described with respect to FIGS. 6 and 7, adjustment
vectors can be calculated and applied to the image as a
whole in some embodiments. In embodiments that include
multiple encoders, such as encoder 300 described in FIG. 3,
adjustment vectors can be calculated and applied to each
individual portion of the overall image generated by the
separate encoders. Combining the multiple encoders 322-
328 of FIG. 3 and latent space editor 510 of FIG. 5 into the
same face changing application can allow for a higher
degree of control over the output image than is possible
when the adjustment vectors generated by the latent space
editor 510 are applied to the image as a whole. For example,
if the encoder in an ML model encodes the whole face as a
single latent space vector, there might never be a training
image in which different features of the face align in
accordance with a desired alignment of the features in an
output image. While the MLL model may get close to the
desired output all the various features of the face are
essentially tangled together in the image. Because of this
entanglement, edits to one facial feature by latent space
editor 510 can sometimes result in unexpected and undesired
alterations to other facial features. Separating different fea-
tures of the face (e.g., eyes and mouth) from each other,
enables latent space editor 510 to have more precise control
over changing a desired facial feature in the output image
without impacting other facial features that the end-user is
not interested in changing.

In some embodiments, latent space editor 510 can include
a user interface that enables a user to easily select, on a
sliding scale, how much of a desired adjustment to the
particular feature is desired. To illustrate, reference is made
to FIG. 8, which is a simplified diagram depicting an
example of a user interface 800 according to some embodi-
ments along with three separate output images 810, 820 and
830 each of which has been generated from the same input
image encoded by encoder 152 in which the eyes of the
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subject in the input image are in a neutral position looking
neither left or right, i.e., looking straight.

User interface 800 can be a slider that enables a user to
select on a sliding scale (e.g., from -1.0 to 1.0) a weight that
will be given to a selected adjustment vector and applied by
latent space editor 510 to the latent space point that repre-
sents the initial output image. Assume in FIG. 8 that an
adjustment vector has been calculated as described above
that can nudge the eyes of a face within an output image
generated by a decoder, such as decoder 154, to the right
when the vector is added to the latent space point represent-
ing the initial output image. Conversely, if the adjustment
vector is subtracted from the initial output image, the eyes
of the output image can be nudged to the left.

As shown in FIG. 8, image 810 has been decoded by
decoder 154 without applying the adjustment vector to latent
space point generated by the decoder from an encoded
original image. That is, the weight given to the adjustment
vector is 0.0. Accordingly, the eyes in an initial output image
810 are looking in the same direction as the eyes of the input
image. Image 820 has been generated by decoder 154 after
a negative value of the adjustment vector has been applied
to an initial latent space point representative of the initial
output image generated by the decoder (e.g., image 810). As
seen, the adjustment vector has changed the direction of the
eyes from looking straight ahead to looking left. The amount
of change in left direction can be controlled by moving the
slider further or less left than is depicted. Similarly, image
830 has been decoded by decoder 154 after a positive value
of the adjustment vector has been applied to the initial latent
space point representative of the initial output image (e.g.,
output image 810) changing the direction of the eyes from
looking straight ahead to looking right. Again, the amount of
change in right direction can be controlled by moving the
slider further or less right than is depicted. As can be
appreciated, the user interface 800 can include additional
sliders, such as one for each adjustment vector that has been
identified, to enable additional adjustments to the output
image.

IV. Additional Embodiments

The above description is illustrative and is not restrictive.
Many variations of the invention will become apparent to
those skilled in the art upon review of the disclosure. The
scope of the invention should, therefore, be determined not
with reference to the above description, but instead should
be determined with reference to the pending claims along
with their full scope or equivalents.

One or more features from any embodiment may be
combined with one or more features of any other embodi-
ment without departing from the scope of the invention.

A recitation of “a”, “an” or “the” is intended to mean “one
or more” unless specifically indicated to the contrary. The
use of “or” is intended to mean an “inclusive or,” and not an
“exclusive or” unless specifically indicated to the contrary.

All patents, patent applications, publications and descrip-
tions mentioned herein are incorporated by reference in their
entirety for all purposes. None is admitted to be prior art

Although the disclosure has been described with respect
to specific embodiments, it will be appreciated that the
disclosure is intended to cover all modifications and equiva-
lents within the scope of the following claims.

What is claimed is:
1. A computer-implemented method of changing a face
within an image or video frame, the method comprising:
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receiving an input image that includes a face presenting a

facial expression in a pose;

processing the image with a neural network encoder to

generate a latent space point that is an encoded repre-
sentation of the image;

decoding the latent space point to generate an initial

output image in accordance with a desired facial iden-
tity but with the facial expression and pose of the face
in the input image;

identifying a feature of the facial expression in the initial

output image to edit;

responsive to identifying the feature of the facial expres-

sion in the initial output image to edit, applying an
adjustment vector to a latent space point corresponding
to the initial output image to generate an adjusted latent
space point, wherein applying the adjustment vector to
the latent space point comprises translating the latent
space point in latent space by adding the adjustment
vector to the latent space point, wherein the adjusted
latent space point comprises the latent space point after
it has been translated; and

decoding the adjusted latent space point to generate an

adjusted output image in accordance with the desired
facial identity but with the facial expression and pose of
the face in the input image altered in accordance with
the adjustment vector.

2. The computer-implemented method of changing a face
within an image or video frame set forth in claim 1 further
comprising repeating the steps of applying an adjustment
vector to the latent space point corresponding to the initial
output image to generate an adjusted latent space point and
decoding the adjusted space point to generate an adjusted
output image until the adjusted output image has the desired
facial expression.

3. The computer-implemented method of changing a face
within an image or video frame set forth in claim 1 wherein
the adjustment vector is generated from a plurality of key
poses from selected images having a facial expression with
a selected trait.

4. The computer-implemented method of changing a face
within an image or video frame set forth in claim 1 wherein
the adjustment vector is generated from a plurality of key
poses from selected images having a facial expression with
a selected trait, calculating latent space points for the
selected images, and generating the adjustment vectors by
computing differences between an average of latent space
points for the selected images and a neutral latent space
point.

5. The computer-implemented method of changing a face
within an image or video frame set forth in claim 1 wherein
the neural network is trained to be identity agnostic.

6. The computer-implemented method of changing a face
within an image or video frame set forth in claim 1 wherein
the input image is normalized prior to the receiving step.

7. The computer-implemented method of changing a face
within an image or video frame set forth in claim 6 wherein
the input image is resized to a predetermined size prior to the
receiving step.

8. The computer-implemented method of changing a face
within an image or video frame set forth in claim 1 further
comprising allowing a user to select one or more features in
the initial output image to adjust via a user interface.

9. The computer-implemented method of changing a face
within an image or video frame set forth in claim 8 wherein
the user interface comprises a slider that allows the user to
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control a weighting of the adjustment vector that is applied
to the latent space point corresponding to the initial output
image.

10. The computer-implemented method of changing a
face within an image or video frame set forth in claim 1
further comprising incorporating the output image into one
or more of a movie, a video, a video game or virtual or
augmented reality content.

11. The computer-implemented method of changing a

face within an image or video frame set forth in claim 1 10

wherein processing the input image with the neural network
encoder to generate a latent space point that is an encoded
representation of the image comprises:
separately encoding different portions of the image by, for
each separately encoded portion, generating a latent
space point of the portion, thereby generating a plural-
ity of multi-dimensional vectors where each multi-
dimensional vector is an encoded representation of a
different portion of the input image; and

concatenating the plurality of multi-dimensional vectors
into a combined vector that is the latent space point
which, in turn, is an encoded representation of the
image.
12. The computer-implemented method of changing a
face within an image or video frame set forth in claim 11
wherein:
identifying a feature of the facial expression in the initial
output image to edit corresponds to identifying at least
one of the separately encoded image portions, and

wherein applying an adjustment vector comprises select-
ing an adjustment vector that corresponds to the at least
one identified separately encoded image portion.

13. The computer-implemented method of changing a
face within an image or video frame set forth in claim 12
wherein decoding the adjusted latent space point to generate
an adjusted output image alters only a portion of the output
image that corresponds to the identified feature.

14. The computer-implemented method of changing a
face within an image or video frame set forth in claim 1
wherein the adjustment vectors are latent space vectors
generated by a mathematical operation on a plurality of
latent space vectors corresponding to various encoded facial
expressions.

15. The computer-implemented method of changing a
face within an image or video frame set forth in claim 1
wherein the adjustment vectors are latent space vectors
generated by averaging latent space vectors corresponding
to various encoded facial expressions.

16. A system for changing a face within an output image
or video frame, the system comprising:

a memory storing a plurality of computer-readable

instructions; and

one or more processors operable to execute the computer-

readable instructions and cause the system to:

receive an input image that includes a face presenting a

facial expression in a pose;

process the image with a neural network encoder to

generate a latent space point that is an encoded repre-
sentation of the image;

decode the latent space point to generate an initial output

image in accordance with a desired facial identity but
with the facial expression and pose of the face in the
input image;

identify a feature of the facial expression in the initial

output image to edit;

apply an adjustment vector to a latent space point corre-

sponding to the initial output image to generate an
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adjusted latent space point, in response to identifying
the feature of the facial expression in the initial output
image to edit, wherein applying the adjustment vector
to the latent space point comprises translating the latent
space point in latent space by adding the adjustment
vector to the latent space point, wherein the adjusted
latent space point comprises the latent space point after
it has been translated; and

decode the adjusted latent space point to generate an

adjusted output image in accordance with the desired
facial identity but with the facial expression and pose of
the face in the input image altered in accordance with
the adjustment vector.

17. The system set forth in claim 16 wherein the plurality
of computer readable instructions further comprise instruc-
tions to cause the system to repeat the steps of: (i) applying
an adjustment vector to the latent space point corresponding
to the initial output image to generate an adjusted latent
space point and (ii) decoding the adjusted space point to
generate an adjusted output image until the adjusted output
image has the desired facial expression.

18. The system set forth in claim 17 wherein the adjust-
ment vector is generated from a plurality of key poses from
selected images having a facial expression with a selected
trait.

19. The system set forth in claim 16 wherein the neural
network is trained to be identity agnostic.

20. The system set forth in claim 16 wherein the input
image is normalized and resized prior to the receiving step.

21. A non-transitory computer-readable memory compris-
ing a plurality of computer-readable instructions that, when
executed by one or more processors, cause the one or more
processors to:

receive an input image that includes a face presenting a

facial expression in a pose;

process the image with a neural network encoder to

generate a latent space point that is an encoded repre-
sentation of the image;

decode the latent space point to generate an initial output

image in accordance with a desired facial identity but
with the facial expression and pose of the face in the
input image;

identify a feature of the facial expression in the initial

output image to edit;

apply an adjustment vector to a latent space point corre-

sponding to the initial output image to generate an
adjusted latent space point, in response to identifying
the feature of the facial expression in the initial output
image to edit, wherein applying the adjustment vector
to the latent space point comprises translating the latent
space point in latent space by adding the adjustment
vector to the latent space point, wherein the adjusted
latent space point comprises the latent space point after
it has been translated; and

decode the adjusted latent space point to generate an

adjusted output image in accordance with the desired
facial identity but with the facial expression and pose of
the face in the input image altered in accordance with
the adjustment vector.

22. The non-transitory computer-readable memory set
forth in claim 21 comprising additional computer-readable
instructions that, when executed by one or more processors,
cause the one or more processors to repeat the steps of: (i)
applying an adjustment vector to the latent space point
corresponding to the initial output image to generate an
adjusted latent space point, and (ii) decoding the adjusted
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space point to generate an adjusted output image until the
adjusted output image has the desired facial expression.
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