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DISENTANGLED REPRESENTATION LEARNING GENERATIVE ADVERSARIAL
NETWORK FOR POSE-INVARIANT FACE RECOGNITION

CROSS REFERENCE TO RELATED APPLICATIONS

[0001] This application is based upon, claims priority to, and incorporates herein
by reference in its entirety US Serial No. 62/560,001 filed on September 18, 2017 and
entitled "DISENTAGLED REPRESENTATION LEARNING GENERATIVE ADVERSARIAL
NETWORK FOR POSE-INVARIANT FACE RECOGNITION."

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH
[0002] This invention was made with government support under HM0476-15-1-
0001 awarded by the National Geospatial-Intelligence Agency. The government has

certain rights in the invention.

BACKGROUND

[0003] The present disclosure generally relates to face recognition technology.
More specifically, the present disclosure is directed to systems and methods utilizing a
generative adversarial network ("GAN") approach for face recognition.

[0004] Face recognition is one of the most widely studied topics in computer
vision. However, large pose discrepancy between different face images is one of the key
challenges for achieving accurate face recognition. To address these challenges, recent
approaches have attempted to utilize deep learning (DL) algorithms for face recognition
applications. However, pose-invariant face recognition (PIFR) remains an unsolved
problem despite such attempts. For instance, a recent study showed that the
performance of most DL algorithms degrades by more than 10% from frontal-frontal to
frontal-profile face verification, while human performance is only slightly worse. This
indicates that facial pose variation among images (e.g., two pictures of the same person)
is indeed a significant, long-felt challenge and obstacle to usability of facial recognition
software on real world or "uncontrolled" image sets.

[0005] To date, PIFR algorithms can be grouped into two categories. The first
category often begins with synthesizing frontal-pose face images from non-frontal
images. The synthesized images are then used with standard face recognition methods

optimized for frontal-pose images only. However, generating synthetic frontal-pose
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images from large-pose images remains challenging due to self-occlusion, and other
difficulties. Nevertheless, the ability to generate realistic frontal faces and accurately
recognize subjects would be beneficial in many biometric applications, including
identifying suspects or witnesses in law enforcement.

[0006] In attempts to generate realistic frontal-pose images, a variety techniques
have been developed. For instance, 3D approaches approximate facial shapes for each
queried image using 3D models. Statistical methods apply statistical models to perform
joint frontal view reconstruction and landmark localization by solving a constrained low-
rank minimization problem. In addition, several deep learning methods have also been
developed. For instance, the Multi-View Perceptron has been used to untangle the
identity and view representations by processing them with different neurons and
maximizing a data log-likelihood. In another example, a multi-task convolutional neural
network (CNN) has been used to rotate a face with a given pose and illumination to a
target-pose face, followed by a L2 loss-based reconstruction of the input image. Such
existing methods frontalize only near-frontal, in-the-wild faces or large, pose-controlled
faces. However, practical applications often require analysis of unconstrained images.
[0007] A second category of PIFR algorithms relies on learning discriminative
features directly from profile facial views, either through one joint model or through
multiple pose-specific models. For instance, one approach trains multiple pose-specific
models using rendered face images, and each of these multiple representations are then
fused. In another approach, a multi-model deep face representation learns features from
a set of CNNs, which are then fused via stacked auto-encoders. When multiple testimages
are available, many of these approaches simply combine the results obtained individually
for each of the images. For instance, features are averaged to produce a final
representation used for recognition. In addition to such feature-level fusion, most prior
work fused results in a distance-metric level. However, the fusion strategy is always pre-
defined and remains the same for any multi-image set. Moreover, feature-based
algorithms depend heavily on having good feature representations, which is not always
the case.

[0008] In light of the above, a need for improved methods for accurate face

recognition remains.
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SUMMARY

[0009] The present disclosure is directed to a system and method for face
recognition that overcomes the shortcomings of previous technologies. In particular, a
novel approach is described that leverages a Disentangled Representation Learning-
Generative Adversarial Network (DR-GAN) framework introduced herein to perform
pose-invariant face recognition. As will be described, the present framework can utilize
single or multiple as input to learn an identity representation of a subject, as well as
perform image synthesis.

[0010] In one aspect of the present disclosure, a method for identifying a subject
using imaging is provided. The method includes receiving an image depicting a subject
to be identified, and applying a trained Disentangled Representation learning-Generative
Adversarial Network (DR-GAN) to the image to generate an identity representation of the
subject, wherein the DR-GAN comprises a discriminator and a generator having at least
one of an encoder and a decoder. The method also includes identifying the subject using
the identity representation, and generating a report indicative of the subject identified.
[0011] In another aspect of the present disclosure, a system for identifying a
subject using imaging is provided. The system includes an input for receiving images
depicting a subject to be identified. The system also includes a processor programmed to
carry out instructions for processing images received by the input, the instructions
comprising applying a trained Disentangled Representation learning-Generative
Adversarial Network (DR-GAN) to at least one image to generate an identity
representation of the subject, wherein the DR-GAN comprises a discriminator and a
generator having at least one of an encoder and a decoder, identifying the subject using
the identity representation, and generating a report indicative of the subject identified.

The system also includes an output for providing the report.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] The present invention will hereafter be described with reference to the
accompanying drawings, wherein like reference numerals denote like elements.

[0013] FIG. 1 is a schematic diagram of an example system, in accordance with
aspects of the present disclosure.

[0014] FIG. 2 is a flowchart setting forth steps of a process, in accordance with

aspects of the present disclosure.
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[0015] FIG. 3 is an illustration showing a Disentangled Representation Learning-
Generative Adversarial Network (DR-GAN) framework for pose-invariant face
recognition, in accordance with aspects of the present disclosure.

[0016] FIG. 4 is an illustration comparing previous Generative Adversarial
Network (GAN) structures relative to a DR-GAN structure, in accordance with aspects of
the present disclosure.

[0017] FIG. 5 shows an example generator structure, in accordance with aspects
of the present disclosure, the structure fusing features obtained from multiple images of
a person into a single representation via dynamically learnt coefficients.

[0018] FIG. 6 is an example graph illustrating recognition performance using
methods in accordance with aspects of the present disclosure.

[0019] FIG. 7 shows example images depicting mean faces for multiple pose
groups obtained using a CASIA-Webface dataset, in accordance with aspects of the
present disclosure

[0020] FIG. 8 shows example images comparing face rotation performed on a
Multi-PIE dataset using methods, in accordance with aspects of the present disclosure.
[0021] FIGS. 9(a)-9(c) show images generated by an interpolation process, in
accordance with aspects of the present disclosure.

[0022] FIGS. 10(a)-10(d) show example images comparing face rotation
performed on a CFP dataset using methods, in accordance with aspects of the present
disclosure.

[0023] FIG. 11 shows example images comparing face frontalization performed on
an []B-A dataset using methods, in accordance with aspects of the present disclosure.
[0024] FIG. 12 shows example images comparing face frontalization performed on
an []B-A dataset using methods, in accordance with aspects of the present disclosure.
[0025] FIGS. 13(a)-13(b) show graphs showing coefficient distributions computed
on []B-A and CFP datasets, in accordance with aspects of the present disclosure.

[0026] FIG. 14 is a graph showing a correlation between estimated coefficients and
classification probabilities, in accordance with aspects of the present disclosure.

[0027] FIG. 15 is a graphical illustration showing responses of filters, in

accordance with aspects of the present disclosure.
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DETAILED DESCRIPTION

[0028] Many prior face recognition algorithms are designed to perform face
formalization on non-frontal face images. Alternatively, other algorithms rely on learned
pose-invariant representations to identify a subject. Either way, such conventional
approaches are used independently because they are complex and conceptually distinct.
In addition, each suffers from various problems and depends heavily on the presence of
optimal image conditions in order to work.

[0029] Contrary to conventional understanding, the inventors have recognized
that certain features of previous techniques may be advantageously, and judiciously
combined to provide improved results without their respective drawbacks. Hence, a
novel framework for pose-invariant face recognition (PIFR) has been developed, referred
to herein as Disentangled Representation learning-Generative Adversarial Network (DR-
GAN) framework. In this framework, an identity representation can be produced that is
both discriminative and generative. In particular, the generated representation can show
superior pose-invariant face recognition performance, and faces of the same identity can
be synthesized at target poses specified by pose codes.

[0030] Traditionally, Generative Adversarial Networks (GANs) have been used to
estimate generative models for image synthesis. Specifically, an adversarial process with
a minimax two-player game involving a generator G and a discriminator D has been used,
where G typically takes a random noise vector z to generate synthetic images. Constraints
may be incorporated on z, or side information may be leveraged for better synthesis. For
example, a class label may be fed to both G and D to generate images conditioned on the
class label. In approach, GANs are generalized to learn a discriminative classifier, where
D is trained to distinguish between real and fake, and classify the images. In yet another
approach, termed InfoGAN, G applies information regularization to the optimization
process by using an additional latent code. Despite these efforts, synthesizing high-
quality images using GAN has remained problematic.

[0031] By contrast, the present DR-GAN framework involves a novel generator G
that is constructed with an encoder-decoder structure. As will be described, this offers a
number of advantages compared to traditional GANs. For instance, representation
learning may be explicitly disentangled using a pose code c. Specifically, the encoder Genc
learns a mapping from an input image to a feature representation. The representation

may then be concatenated with the pose code and a random noise vector to feed the
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decoder Guec for face rotation. The input to Genc may be a face image of any pose, while the
output of the decoder Gdec may be a synthetic face generated at a different pose, where
the learned representation bridges Genc and Gec.

[0032] While G in the present framework serves as a face rotator, D may be trained
to not only distinguish between real and synthetic images, but also predict face identity
and pose at substantially the same time. With the additional classifications, D strives for
a rotated face to have the same identity as the input real face. This approach has two
effects on G, namely that the rotated face may look more like the input subject in terms of
identity, and the learnt representation may be more inclusive or generative for
synthesizing an identity-preserved face.

[0033] Moreover, in contrast to existing face recognition algorithms, the present
framework may be configured to receive multiple images as input. This is by virtue of
Gene, which may be trained to take multiple images and produce identity features and a
coefficient for each image. Based on the learned coefficients, the features may then be
fused or combined into a unified identity representation through one feedforward
passing of Genc, for instance. The identity representation and pose code, ¢, can then be
used synthesize a face with any target pose desired. In some implementations, an
interpolation process may be performed between two pose codes, or two representations
in face synthesis. In addition, the present framework can also consider all factors of
image quality present in an image dataset, without need for direct supervision.
Specifically, for each input image, DR-GAN can generate a coefficient that indicates the
quality of the input image.

[0034] As appreciated from description below, the adversarial loss approach of
the present DR-GAN framework provides a number of advantages that overcome
shortcomings of previous techniques. For instance, the present approach can generate
high quality synthetic images by identity classification in the discriminator, while fusing
the identity features of multiple images based on the learnt coefficients. In addition,
realistic face images can be synthesized with any pose. Moreover, the present approach
can achieve state-of-the-art performance on image datasets obtained from Multi-PIE,
CFP, and I]B-A databases, providing a first demonstration of frontalizing extreme-pose
in-the-wild face images. Therefore, the present invention represents a significant

improvement the field of face recognition and computer vision.
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[0035] Although the present disclosure includes description that makes reference
to face recognition, it may be readily appreciated that the present approach may be
applicable to various computer vision applications, including recognition of other subject
features, objects, and so forth.

[0036] Turning now to FIG. 1, a block diagram of an example system 100, in
accordance with aspects of the present disclosure, is shown. In general, the system 100
may include atleast one input 102, processor 104, memory 106, and output 108, and may
be configured to carry out steps for face, and other feature or object, recognition, in
accordance with aspects of the present disclosure. Although not shown in FIG. 1, the
system 100 may also include various communication networks for exchanging data and
information between various components of the system 100.

[0037] As shown in FIG. 1, the system 100 may communicate with one or more
image capture device(s) 110 or cameras, as well as various storage servers 112 or
databases 114, by way of a wired or wireless connections or via a communications
network. In general, the system 100 may be any device, apparatus or system configured
for carrying out instructions for, and may operate as part of, or in collaboration with,
various computers, systems, devices, machines, mainframes, networks or servers. In
some aspects, the system 100 may be a portable or mobile device, such as a cellular phone
or smartphone, laptop, tablet, and the like. In this regard, the system 100 may be a system
that is designed to integrate a variety of software and hardware capabilities and
functionalities, and may be capable of operating autonomously or semi-autonomously.
[0038] Specifically, the input 102 may include different input elements, such as a
mouse, keyboard, touchpad, touch screen, buttons, and the like, for receiving various
selections and operational instructions from a user. The input 102 may also include
various drives and receptacles, such as flash-drives, USB drives, CD/DVD drives, and
other computer-readable medium receptacles, for receiving various data and
information. To this end, the input 102 may also include various communication ports
and modules, such as Ethernet, Bluetooth, or WiFi, for exchanging data and information
with various external computers, systems, devices, machines, mainframes, servers or
networks.

[0039] The processor 104 may include any suitable hardware and components
designed or capable of carrying out a variety of processing task. For instance, in some

configurations, the processor 104 may include a programmable processor or
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combination of processors, such as central processing units (CPUs), graphics processing
units (GPUs), and the like. As such, the processor 104 may be configured to execute
instructions stored in a non-transitory computer readable-media 116. Although the non-
transitory computer readable-media 116 is shown in FIG. 1 as included in the memory
106, it may be appreciated that instructions executable by the processor 104 may be
additionally or alternatively stored in another data storage location having non-
transitory computer readable-media. In some configurations, the processor 104 may also
include one or more dedicated processing units or modules that may be configured (e.g.
hardwired, or pre-programmed) to carry out steps, in accordance with aspects of the
present disclosure.

[0040] In addition to being configured to carry out steps for operating the system
100, the processor 104 may also be programmed to carry out steps for identifying at least
one subject or object, or features therein, according to methods described herein. To this
end, the processor 104 may be configured to apply a trained Disentangled Representation
learning-Generative Adversarial Network (DR-GAN) framework to generate an identity
representation of the subject using various images. As will be described, the DR-GAN
architecture (FIG. 4) may include a discriminator and a generator, where the generator
includes a structure comprising a number of encoders and decoders. In some aspects, the
processor 104 may also be configured to train the DR-GAN based on various inputted
images and information. To this end, various DR-GAN architectures may be produced
having any number of convolutional, pooling, exponential linear, fully connected, and
layers.

[0041] In generating the identity representation, the processor 104 may apply one
or more encoders to images received via the input 102. As will be described, the images
may depict subjects or objects in various poses, and under various scene settings, such as
illumination, elevational angle, and so forth. In some implementations, the processor 104
may be programmed to determine a pose of the subject or object in received images. The
processor 104 may then produce one or more feature vectors corresponding to the
identity representation. In addition, various feature vectors may be combined by the
processor 104, based on learned weights, to produce a combined feature vector. The
feature vectors and/or combined feature vector may then be used to identify the subject

or object.
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[0042] In identifying the subject, the processor 104 may compare the identity
representation with representations stored in the database 114, the storage server 112,
memory 106, or elsewhere. Alternatively, the processor 104 may retrieve images, and
input them into one or more encoders of a DR-GAN in order to produce feature vectors
for comparison. The processor 104 may then utilize a cosine distance metric, or other
similarity metrics, to compare the identified or combined feature vectors with those
stored in a database, or generated using images from the database.

[0043] In some aspects, the processor 104 may also be programmed to generate
synthetic images. To do so, the processor 104 may input the identity representation,
along with a noise vector and a target pose code, into the decoder of the DR-GAN. In
particular, the target pose code may be determined or selected in accordance with a user
specification. In some aspects, a pose of the subject in the synthetic images may be
different compared to the pose of the subject in the received images. Specifically, the pose
of the subject in a synthetic image may differ by up to 90° from the pose of the subject in
areceived image. For instance, the processor 104 may produce frontal images using the
identity representation, the noise vector and a target pose code indicative of frontal
images. The processor 104 may be further programmed to classify generated synthetic
images by providing to the discriminator of the DR-GAN.

[0044] The processor 104 may also be programmed to generate a report and
provide it via the output 108. The report may be in any form and provide various
information. In some aspects, the report may indicative of the subject or object, or
features therein, identified using DR-GAN. The report may also include various received
or generated images, including synthetic images that are generated.

[0045] Referring now to FIG. 2, a flowchart setting forth steps of a process 200, in
accordance with aspects of the present disclosure, is shown. Steps of the process 200
may be carried out using any suitable device, apparatus or system, such as systems
described herein. Steps of the process 200 may be implemented as a program, firmware,
software, or instructions that may be stored in non-transitory computer readable media
and executed by a general-purpose, programmable computer, processor or other suitable
computing device. In some implementations, steps of the process 200 may also be
hardwired in an application-specific computer, processor or dedicated module (e.g. a

machine learning module).
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[0046] As shown, the process 200 may begin at process block 202 with providing
images depicting at least one subject to be identified. The imaging may include single or
multiple images acquired, for example, using various monitoring devices or cameras. In
some implementations, various pre-processing procedures may be applied to the
received images, including filtering, enhancing, combining, or separating various
features, portions, or components of the images.

[0047] Then, at process block 204, a trained DR-GAN may be applied to generate
an identity representation of the subject, or object. This step may include extracting the
identity representation, in the form of features or feature vectors, by inputting received
one or more images into one or more encoders of the DR-GAN. In some aspects, a pose of
the subject or object in the received image(s) may be determined at process block 204.
In particular, in some aspects, feature vectors obtained from multiple inputted images
may be combined to generate a combined feature or feature vector indicative of the
identity representation. To do so, the features or feature vectors may be weighted based
on learned coefficients.

[0048] In some implementations, the discriminator and generator of the DR-GAN
may be performed prior to executing process block 204. In addition, the process 200 may
also include an optional step of generating synthetic image(s), as indicated process block
208. In particular, synthetic images may be generated by inputting the identity
representation identified at process block 206, along with a predetermined noise vector
and a target pose code, into the decoder of the DR-GAN. As mentioned, the target pose
code may be provided by a user or determined from a user indication. The pose of the
subject or object in the synthetic image may be different than the pose in the received
image(s). For instance, the received image(s) may show a subject or object's profile while
the synthetic images may be frontal images. As appreciated from descriptions below, the
present approach allows for synthetic images to have a pose that differs by up to 90°
compared the received images. In some aspects, generated synthetic images, along with
received images, may be provided at process block 208 to the discriminator of the DR-
GAN to perform a classification. This process 200 is visually represented in FIG. 3.
[0049] A report may then be generated, as indicated by process block 210. As
mentioned, report may be in any form and provide various information. For instance, the

report may indicative of the subject or object identified using the DR-GAN. The report
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may also include various received or generated images, including synthetic images
generated.

[0050] Two variations of the present DR-GAN framework will now be described.
The first variation can take one image per subject for training, termed single-image DR-
GAN, while the second variation can leverage multiple images per subject for both
training and testing, termed multi-image DR-GAN. The two types of variations will be
discussed in detail below.

[0051] A Generative Adversarial Network (GAN), in accordance with one aspect of
the present disclosure, may include a generator G and a discriminator D that compete in
a two-player minimax game: D tries to distinguish a real image x from a synthetic image
G(x), and G tries to fool D by synthesizing realistic-looking images. Concretely, D and G
play the game with a value function V(D, G):

H}i}‘l mjl)h 4 U’) : C"} = Ex.-x‘m {x] [i(}g D {X.} +

Eyppimyllog(1 = DG (1)
[0052] This minimax game has a global optimum when the distribution of the
synthetic samples pg, and that of the training samples ps are the same. Under mild
conditions (e.g., G and D have enough capacity),ps converges to ps. However, at the
beginning of training, the samples generated from G are extremely poor and are rejected
by D with high confidences. In practice, it may be better for G to maximize log(D ( G(z) ) )
instead of minimizing log (1 - D( G(z) )). As a result, G and D may be trained to optimize

the following functions:

max VD, G = Exp,palog D))+

Epp.mllog(l = DGz}, @)
max Vo (D Gy = Eyp, o [Jop(D{G(2))]. {3)

[0053] The present single-image DR-GAN will now be described. In particular,
single-image DR-GAN has two distinctive novelties related to conventional GANs. First,
in addition to the objective of image synthesis an identity representation for a face is
learned by using an encoder and decoder network structure, where the representation is
the encoder's output and the decoder's input. Since the representation can be passed to
the decoder to synthesize various faces of the same subject, it is a generative

representation.

11
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[0054] Second, in any classification task, there is normally distractive variation
existing in an object's appearance. As a result, the representation learned by the encoder
might include the distractive side variation. Therefore, in addition to the class labels,
additional side information, e.g., pose and illumination information, may be employed to
disentangle these variations. In turn, this would help to learn a more discriminative
representation.

[0055] For any face image x with label y = {y4, y*}, where y9represents the label for
identity and y“ for pose, it may be desired to generate a new face image x with the same
identity y? but a different pose controlled by a pose code c. To do so, a Disentangled
Representation learning-Generative Adversarial Network (DR-GAN) conditioned on the
original image x and the pose code c may be trained. The network architecture is
illustrated in FIG. 4 (d).

[0056] Given a real face image x or a synthetic face image ¥= G(x, c, z), D estimates
the identity and pose of X, or classifies X as fake. In some aspects, D may include two
parts, namely D = [D%, DP]. Herein, D¢ € RV“*1 is used for identity classification with
N¢ representing the total number of identities in the training set and the additional
dimension is for fake/real classification. D? € RM? is used for pose classification with N?
denoting the total number of poses. To this end, D may be trained to optimize this

objective function,
17 7Ty 7 Fasl o FoiaeY 0 loews FE SN
K VolD. G = Ex yeopaixs og D8 () + log D (x)] +

E syrpaixyy, HoglDi (Gix ez, (4
zovp iz e, el

[0057] where Di and Dp are the it" element in D¢ and DP respectively. The first
term in Eqn. 4 maximizes the probability that x is classified to the true identity y% and
pose yP. The second term maximizes the probability of the synthetic image being
classified as a fake class. As shown, G may include two components, namely Genc and Gdec.
In particular, Genc aims to learn an identity representation from a face image x: f(x) =
Gene(x). On the other hand, Gdec aims to synthesize a face image x = Gaec( f(X), ¢, z ) with
identity y* and a target pose specified by c. Here, z is the noise parameter used to model
variance other than identity and pose. The pose code may be a one-hot vector ¢ € R¥ P
with only the target pose y¢ being 1. The goal of G is to fool D to classify £ to the
corresponding identity and the target pose class. The objective function for learning G is

defined as:

12
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[0058] G and D may improve each other during training. In particular, with D being
more powerful in distinguishing between fake relative to real images, G may be trained
to learn more discriminative identity representation in order to synthesize an identity-
preserved face with the correct target pose to compete with D. This process has two
beneficial aspects. First, the learnt representation f{x) preserves more discriminative
information of the input identity. Second, the pose classification in D also guides the face
rotation process to be more accurate. Furthermore, with separated pose code, f{x) can
disentangle the pose variation. Therefore, f (X) is not only discriminative for PIFR, but
also generative for image synthesis.

[0059] In order to optimize the objective functions, two CNN architectures may be
utilized to serve each objective, respectively. To this end, various convolutional, pooling,
and fully connected layers may be utilized. In some implementations, CASIA-NET may be
adopted for Gencand D, where batch normalization (BN) and exponential linear unit (ELU)
layers may be applied after each convolution layer. In one example, the discriminator D
may have a CNN structure with multiple convolution, BN, ReLU layers, and fully
connected layers. In particular, D may be trained to optimize Eqn. 4, by defining the
softmax loss for N¢ + 1 and NP classes for identity and pose, respectively. On the other
hand, G includes an encoder Genc and a decoder Gdec, bridged by a to-be-learned feature
representation f{x). In the encoding stage, several layers of convolution with BN may
performed, followed by ReLU. When the spatial dimension of the feature mapsis 6 x 6 x
Ny a global spatial average on each channel may be performed to create a feature
representation f{x)€ RV In addition, f{x) may be concatenated with an one-hot pose
code ¢ € R"” and a random noise vector z € RV,

[0060] The concatenated features may then be provided as input to Gee, i.e., a small
spatial extent convolutional representation with many feature maps. A series of
fractionally-strided convolutions (FConv) can then transform the features into a
synthetic image ¥ = G(x, ¢, z), which is of the same size as the input image x. G may then
be then trained to maximize Eqn. 5 when a synthetic image % is fed to D and the gradient
may be back-propagated to update G. By way of example, details of a network structure,

in accordance with aspects of the disclosure, are presented in Table 1. In some aspects,
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as shown in the table, additional elements may be added to learn coefficients for multi-
image DR-GAN.

TABLE 1: The structwres of & ane, Gaee and L3 networks in single-
inage and pudti-irnage DR-GAN, Blug lexis represent extia elemenis

to learn the coefficient w in the Glape of multi-image DR-GAN,

¥

Chatpaxe Sive

46w 88 32
{6 X R G4

351 Q8 N B W i
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[0061] With a single-image DR-GAN, an identity representation f{x) can be

extracted from a single image x, and different faces of the same person, in any pose, can
be generated. In practice, a number of images may often be available, for instance, from
video feeds provided by different cameras capturing a person with different poses,
expressions, and under different lighting conditions. However, although using multiple
images is understood as being able to improve face recognition, existing methods are
limited to combining results from single-image analyses. Similarly, face synthesis
techniques, e.g, face frontalization, are constructed to utilize one image as input.
Therefore, there is a lack of a unified and integrated approach to consume multiple
images for both representation learning and image synthesis.

[0062] To address this gap, a multi-image DR-GAN is herein provided. Compared
to the single-image DR-GAN, the multi-image DR-GAN may include a similar discriminator
D, and a modified generator G. As shown in the illustration of FIG. 5, the modified
generator G may include a number of Genc, each corresponding to an image in the multi-
image data set. In addition to extracting features f(x), each Genc can also estimate a

confidence coefficient w, which predicts the quality of the learnt representation. With n
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input images {x;}}-, the fused representation may then be expressed as weighted

average of all representations, as follows:

¥ ¥ R
,{(X1X__!\\§&l) = Zl—}nv — . ‘\6}
Zi:l ”’d'\"
[0063] The coefficients w; in Eqn. 6 may be learned and depend upon the provided

images. For instance, values of w; may be such that images with high confidences
contribute more to the fused features. The final representation may then be concatenated
with the pose code c and the noise z and fed to the Gaec to generate a new image.

[0064] Using this structure, the generated image may then be expected to
substantially share the same identity with the images in the multi-image data set. Thus,

the objective function for learning G has a total of 2 (n + 1) terms to maximize:

7
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[0065] [t may be noted that jointly training multiple images per subject may still
result in one generator G rather than multiple generators. As shown in FIG. 5, all
generators may share the same parameters. However, G may be more effective due to the
extra constraints from multiple images, and can be utilized for testing in two ways. First,
with multiple test images per subject, these can be fed to Genc and their representations
fused in accordance with Eqn. 6, where f{x1, X2, ..., Xn) can further synthesize images using
Gdec. Second, with only one test image, G can be used the same way as the single-image
DR-GAN, and w can be ignored.

[0066] With respect to the network structure, the multi-image DR-GAN may be
slightly modified compared to the single-image DR-GAN. Specifically, at the end of Genc
one more convolution channel may be added to the layer right before global average
pooling, to estimate the confidence coefficient w. A Sigmoid activation can be applied to
keep w in the range of (0, 1). In some aspects, the number n of input images per subject
during training can be kept the same for the sake of convenience in image sampling and
feeding tensors through the network. To mimic the variation in the number of input
images, a simple but effective trick can be used, namely applying drop-out on the

confidence coefficient w. Hence, during training, the network can take any number of
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inputs from 1 to n. The testing stage can be hence more flexible, where the network
handles an arbitrary number of test images.

[0067] In some aspects, the loss function described above may be reformulated
such that instead of having an extra element indicate the fake class in the identification
task, as described, it may now be split into two separate tasks, namely real /synthetic and
identify classification, as described below. Such reformulation may help overcome
imbalance in training samples.

[0068] Specifically, D may be a multi-task CNN consisting of three components: D
= [Dr, D4, Dr]. Herein, D" € R! is for real/fake image classification, D% € RV * is for
identity classification with N9 as the total number of subjects in the training set. D? € RN”
is for pose classification with NP as the total number of discrete poses. Note that if Dris
implemented as an additional N? + 1th element of D9, a problem of unbalanced training
data may arise for each dimension in D¢, i.e., the number of synthetic images (N¢ + 1th
dimension) equals to the summation of all images in the real classes (the first N4
dimensions). By way of splitting into two separate tasks, this problem may be overcome.
As such, given a face image x, D aims to classify it as the real image class, and estimate its
identity and pose; while given a synthetic face image from the generator X = G(x, ¢, z), D

attempts to classify ¥ as fake, using the following objectives:

i i i

S

(8)
(9)
(10)
[0069] D& and Dip are the ith element in D%and D?. For clarity, subscripts may be

omitted for expected value notations, as all random variables are sampled from their
respect distributions (x,y ~ pd(xy), Z ~ pz(z), c ~ pc(c)). A final or combined objective for

training D may be a weighted average of the objectives above, namely:

(11)
[0070] As described, ¢ may include two components, namely Genc and Gdec. The

objective functions may then be writte as:
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(12)
(13)
(14)
[0071] Similarly, the final or combined objective for training the discriminator G
may then be a weighted average of each objective, namely:
e i3 A
Hgbgan T HEgbag T Halgon:
B o (15)
[0072] where, in some aspects, the weights may be setas gy = ug = py, = 1.
[0073] G and D may improve each other during the alternative training process.

With D being more powerful in distinguishing real versus fake images and classifying
poses, G strives for synthesizing an identity-preserving face with the target pose to
compete with D. Three benefits may be obtained from this approach. First, the learnt
representation f{x) can preserve more discriminative identity information. Second, the
pose classification in D guides the pose of the rated face to be more accurate. Third, with
a separate pose code as input to Gdec, Genc may be trained to disentangle the pose variation
from f{x). That is, f{x) encodes as much identity information as possible, but using as
little pose information as possible. Therefore, f{x) is not only generative for image
synthesis, but also discriminative for face recognition.

[0074] As described, DR-GAN aims to learn a disentangled representation for PIFR.
Specifically, Genc aims for identity representation learning. While D4 aims for identity
classification, it also learns an identity representation that could be used for face
recognition during testing. The fact that both Genc and D9 can be used for face recognition
brings two questions explored herein. The first is whether Genc can outperform Dd. The
second is whether a better D9 can lead to a better Genc in representation learning.

[0075] To answer these questions, a bounding experiment was performed.
Specifically, using the Multi-PIE training sent, a single-task CNN-based recognition model
was trained for 20 epochs. The models were saved at 5th, 10th, 15th, and 20th epochs,
termed DZ, D&, D&, and D&, respectively. These found models can be used as D4 and to
train four single-image DR-GAN models. Each model is trained until converged, where G
is updated with D9 being fixed, leading to four Genc termed G2,., G2, G212, and G20,

respectively.
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[0076] Both Genc and D? were used to extract identity features for face recognition
on Multi-PIE, with results shown in FIG. 6. From the results, three observations can be
made. First, the performance of D?shows that D¢ < D, < D& < D$,. This is because the
performance increases as the model is being trained for more epochs. Second, the
performance of Genc also shows a similar trend, with G2, < G20, < G1>. < G2P,, which
indicates that a better D¢ indeed can lead to a better Gene. Third, Genc is shown to
consistently outperform D4, which suggests that the learn representation in Genc is more
discriminative than the representation in conventional CNN-based face recognition
models.

[0077] Based on these observations, an iterative scheme may be used to switch
between Genc and D9 in order to further improve Gene. In some aspects, Genc and D? may
share the same network structure except that Genc can have an additional convolution
filter for the coefficient estimation. During training, D¢ may be iteratively replaced with
the latest Genc by removing the additional convolution filter after several epochs. Since
Gene may consistently outperform D9, a better D4 would then be expected after model
switch. Moreover, a better D9 can lead to a better Genc, which may often be used as D¢ for
anextswitch. This iterative switch approach can therefore lead to better representations
and thus better PIFR performance.

[0078] As described, Genc learns a mapping from the image space to a
representation space and Gdeclearns the mapping from representation space to the image
space. Specifically, Genc is important for PIFR while Ggec is important for face synthesis.
The usage of pose code, random noise, as well as the model switch techniques described
may be useful for learning a better disentangled representation for Gene. However, even
with a perfect representation from Genc, having a poor Gaec may synthesize unsatisfactory
face images.

[0079] Therefore, to learn a better Gdec, a representation interpolation regularizing
the learning process may be employed. It is recognized that interpolation between two
noise vectors can still produce a valid image. Therefore, assuming a convex identity
space, the interpolation between two representations f{x1), f(xz2) extracted from the face
images x1 and xz of two different identities can still be a valid face, but with an unknown
identity. During training, images with different identities may be randomly paired to

generate an interpolated representation using weights, as follows:
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(16)

[0080] In some aspects, an average fi,2 may be used for the sake of simplicity.
However it is recognized that other weights may be used for combining the two face
representations. Similar to the objects of G and D in multi-image DR-GAN, there are
additional terms to regularize the averaged, or weighted, representation. D aims to
classify the generated image to the fake class by having the following extra term:

(17)
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[0081] And G aims to generate an image that can fool D to classify it as the real

class and the target pose, and ignore the identity part, with two additional terms Lgan in

,Cgos:
(18)
(19)
[0082] The above described techniques for improving Genc and Gaec may then result

in the ability to generalize DR-GAN for both representation learning and image synthesis,
resulting in improved performed.

[0083] To illustrate the advantages of the present disclosure, the structure of the
present DR-GAN framework is now compared to those from previous GAN-based
approaches. Referring again to FIG. 4, the conditional GAN (FIG. 4 (a)), the semi-
supervised GAN (FIG. 4 (b)), and the adversarial autoencoder (FIG. 4 (c)) are compared
to the single-image DR-GAN of the present disclosure.

[0084] First, the conditional GAN extends the traditional GAN by feeding the labels
to both G and D to generate images conditioned on the label. The label can be the class
labels, modality information, or even partial data for inpainting. It has been used to
generate MNTST digits conditioned on the class label and to learn multi-modal models.
In conditional GAN, D is trained to classify a real image with mismatched conditions to a
fake one. By contrast, in the present DR-GAN, a real image to the corresponding class
based on the labels.

[0085] Second, GANs were previously generalized to learn a discriminative
classifier, where the D is trained to not only distinguish between real and fake images,

but also to classify the real images into K different classes. D outputs a (K + 1)-dim vector
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with the last dimension being the real /fake decision. The trained D is used for image
classifications. The present DR-GAN share similar loss with for D with two additions.
First, G is expanded with an encoder and decoder structure for image synthesis. Second,
additional side information classification on the face pose is included while training the
D.

[0086] Third, in Adversarial Autoencoder (AAE) techniques, G is the encoder part
of an autoencoder. AAE has two objectives in order to turn an autoencoder into a
generative model. First, the autoencoder reconstructs the input image. Second, the latent
vector generated by the encoder is learned to match an arbitrary prior distribution by
training D. The present DR-GAN approach differs from AAE in two ways. First, the
autoencoder in AAE is trained to learn a latent representation similar to an imposed prior
distribution. By contrast, the present encoder-decoder structure is configured to learn
more a discriminative identity representation. Second, the D in AAE is only trained to
distinguish between real and fake images, while D in the present approach is trained to
classify identity and pose in addition to the real/fake decision.

[0087] To demonstrate the innovative features of the present approach, images
from multi-PIE database, which includes the largest dataset available for evaluating face
recognition under pose, illumination, and expression variations in controlled
environment, were analyzed. In this study, images from 337 subjects with neutral
expression were used. Of these, nine poses were within + 60°, and 20 illuminations. The
first 200 subjects are used for training and the rest 137 for testing. In testing, the gallery
includes one image per subject with frontal view and illumination. The rest images were
the probes. For Multi-PIE experiments, an additional illumination code similar to the
pose code was added to disentangle illumination variation. As such, Né =200, Nv =9, and
N =20.

[0088] For the unconstrained setting, models were trained using CASIA-WebFace,
AFLW and Multi-PIE, and tested on Celebrities in Frontal-Profile (CFP) and I]B-A datasets.
CASIA-WebFace includes 494, 414 images of 10, 575 subjects, which is biased to near-
frontal faces. Multi-PIE and CASIA-WebFace were combined to include more pose
variations. AFLW (25,993 images) was added to the training set to supply more pose
variation. CFP was introduced to address the large-pose face verification. It included 500
subjects each with 10 frontal and 4 profile images. The evaluation protocol included

frontal-frontal (FF) and frontal-profile (FP) face verification. Each of them consisted of
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10 folders with 350 same-person pairs and 350 different-person pairs. As another large-
pose database, []B-A includes 5, 396 images and 20, 412 video frames for 500 subjects. [t
defines template-to-template face recognition where each template has one or multiple
images. About 27 overlap subjects were removed between the CASIA-Webface and []B-A
from training. Hence N9 = 10,885 and NP = 13. For both settings, N= 320 and N?= 50.
[0089] All face images were aligned to a canonical view of size 100 x 100, or 110 x
110, based on two landmarks. Regions of 96 x 96 were randomly sampled from the
aligned face images for data augmentation. Image intensities were linearly scaled to the
range of [-1,1]. To provide pose labels y? for CASIA-WebFace, 3D face alignment was
applied to classify each face to one of 13 poses. The mean face image for each pose group
in CASIA-Webface is shown in FIG. 7. As appreciated from the figure, the profile faces are
less sharp compared to near-frontal faces, indicative of pose estimation error by the face
alignment algorithm.

[0090] Following previous optimization strategies, all models were trained with a
batch size of 64. All weights were initialized from a zero-centered normal distribution
with a standard deviation of 0.02. An Adam optimizer was used with a learning rate of
0.0002 and momentum 0.5. Similar to conventional GANSs, it is advantageous to alternate
between k (usually k = 1) steps for optimizing D and one step of optimizing G. This helps
D maintain near-optimal solution as long as G changes slowly. However, in DR-GAN, D has
strong supervisions due to the class labels. Thus, in later iterations, when D is close to
the optimal solution, G can be updated more frequently than D, e.g., 4 steps of optimizing
G and 1 for D.

[0091] As described, the present DR-GAN framework can achieve both face
representation learning and face image synthesis. Therefore, in some aspects, a
disentangled representation as identity features was used for face recognition using a
cosine-distance metric. The performance of face recognition with respect to different
number of images was also used in both training and testing. For image synthesis,
qualitative results are shown by comparing different losses and interpolation of the
learnt representations.

[0092] The effect of the number of training images (n) per subject was evaluated
with respect to face recognition performance. Three models were trained using different
numbers of input images per subject: n = 1, 4, 6, with n = 1 associated with the single-

image DR-GAN, and n>1 associated with multi-image DR-GAN. The testing performances
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on CFP using f{x) of each model is shown in Table 2. These results demonstrate the
advantage of training with multi-image DR-GAN over the single-image counterpart.
Namely, training with multiple images per subject not only enhances the model's ability
to handle multiple test images, but also applies more constraints to model the learning
process, which leads to a better representation. Herein, n = 6 was used for multi-image
DR-GAN. As may appreciated, a higher number of images may be used depending upon

the computational capacity available.

TABLE 2 Comparison of single vi. muli-image DR-GAN on CFP.
Muthod Frontal-Frontal  Frontal-Profile
DRAGAN: =1
PR-GANM: n=4
DE-GAN: n=8
[0093] The effect of the number of testing images (nt) per subject on face

recognition performance was also evaluated using Multi-PIE. The [JB-A was mimicked to
generate image sets as the probes for face recognition while the gallery set remained the
same with one image per subject. From the Multi-PIE probe set, a subset IP; of images
with large poses (absolute pose in the range 30° to 60°) was selected to form 5 different
probe sets {IP;}}_,. Then, one image was randomly selected from IP;, to form IP;. Based on
IP,, IP, was constructed by adding one image of each subject, randomly-selected from P,
thereby resulting in two images per probe. P, IP;, and P; were constructed in a similar
way.

[0094] Three combinations of models and decision metrics were compared: (i)
single-image DR-GAN with the averaged cosine distances of n: representations, (ii) multi-
image DRGAN with the averaged cosine distances of n: representations, and (iii) multi-
image DR-GAN with the cosine distance of the fused representation. As shown in Table
3, comparing (ii) and (iii), using the coefficients learned by the network for
representation fusion is superior over the conventional score averaging. There was a
consistent improvement of ~0.5%. While there was some improvement from (i) to (ii),

the margin decreases as n: increased.
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TABLE 3: Comparison of the number of testing images on Multi-PIE.

2 3 4 5

1
single-image (avg.) 846 918 941 953 958
mult-image {avg.) 859 924 4945 955 959
multi-image (fuse) 839 928 951 960 965

Nt

TABLE 4 Performance comparison on OFP dataset.

Frontat-Fromtal Frontal-Prodile

EER {%y

AN A 06T Do + 0.8
1 a8 16

Methind Accuracy AUC {05

Sengupta e aof [
Sankarana e ol

Chen of al. (6] 37 99.90 & 3,09

Human 08194 1.33

PR-GAN ]37} D072 & 0.2

DR {cotor + splity 975+ 1 51 970G ]
PR-GAL G087 £ (.18 32 Q818 £ 0.38

fcolof + splitdimterpolationy 9813 = 0.8

[0095] The present approach was also compared with state-of-the art face
recognition methods on benchmark Multi-PIE, CFP, and 1]B-A databases. In particular,
Table 4 shows face identification performance on CFP of the present approach compared
to prior methods using Accuracy, Equal Error Rate (EER), and Area Under Curve (AUC).
The "color+split" results represent the model trained with the separated D" and color
images. The "color+split+interpolation” represent additional changes made by the
representation interpolation described below. As appreciated from these results, the
present approach is effective matching or improving recognition compared to previous
techniques. Overall, performance on frontal-frontal verification was comparable while
an approximate 1.7% improvement was achieved on the frontal-profile verification.
[0096] Table 5 shows the face identification performance on Multi-PIE compared
to other methods with the same setting. Specifically, the present method shows a
significant improvement for large-pose faces, namely a 20% improvement margin at the
largest pose angles. The variation of recognition rates across different poses is much
smaller than the baselines, suggesting that the learn representation of the present
approach is more robust to pose variation.

[0097] Table 6 shows the performance of both face identification and verification
on [JB-A. Results labeled "avg" show the performance of score fusion via average cosine
distances. The row labeled "fuse" shows results of the proposed representation fusion

strategy. Compared to state-of the art, the present DR-GAN achieves superior results on
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both verification and identification. Also, the proposed fusion scheme via learn

coefficients is superior to the averaged cosine distances of representations.

TABLE 3 identification rate (98) comparison on Multt-PE dataset,
Method a° 15° 30° 45° 607 Ave
Zhu et @, {63 84.1 TG
Zhuetal U3 T34 78.3
Yim et gl {14 744 B33
Using L2 toss TRYT TES
DR-GAN {27 86.2 2.2
DR-GAN 87.2 904
TABLE o Performanve compurison on HR-A dataset,
erifieation Terdifioation
Methaod @FAR=1 @FAR=01]1 @Randk-1 @Rank-h

23608

bt B O
e 0 0

#Hig+ 14
+ 35
F 4.3 AT E14
+ 1.8 0.4
4+ 2.7 53¢ 11
3+ 24 51.% 0.7
A 4+1.7 889 = 1.1
[0098] As mentioned, some prior work has utilized frontalized faces for PIFR. To

evaluate the identify perseveration of synthetic images from DR-GAN, face recognition
was also performed using frontalized faces. Any face feature extractor could be applied
to them, including Genc to D?. However, both were trained on real images of various poses.
To specialize to synthetic images, Genc was finetuned with the synthetic images, denoted
as f'(*). As shown in Table 7, although the performance of the synthetic images (and its
score-level fusion denoted asf’(x) = f(x)) is not as good as the learnt representation,
using the fine-tuned Genc nonetheless achieves similar performance compared to prior

methods, thereby demonstrating the identity preservation of the DR-GAN.
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TABLE 7: Represestation F{x) v, synthetis vage £ on HB-A

Yertiication Ilentification

Features  @FAR=4H @Rank-1  @Rank-5

TTA 10 Y41+ 1.3
TR L8 LTOH33 £ LK
: i4 84811
4 8531218
14 853211
[0099] Prior work on face rotation typically employed the L2 loss to learn a

mapping between a face image with an arbitrary view and a target view. To evaluate the
L2 loss relative to the present adversarial loss, a model was trained whereby G was
supervised by a L2 loss on the ground truth image with the target view, instead of the
adversarial loss in D. The training process and parameter settings were kept the same as
in previous techniques for an equitable comparison. By way of example, FIG. 8 shows a
visual comparison of the synthesized faces using these techniques. As seen from the
figure, DR-GAN generates far more realistic faces that are similar to the ground truth faces
in all views. Meanwhile, images synthesized by the model trained with L2 loss do not
maintain high frequency components and become blurry. L2 loss treats each pixel
equally, which leads to the loss of discriminative information. This inferior synthesis
performance is also reflected in the lower PIFT performance in Table 5. In contrast, by
integrating the adversarial lost, the present approach allows for a more discriminative
representation to be learned for better recognition, and a more generative representation
for better face synthesis.

[0100] In some aspects, an interpolation of variables may be performed. For
instance, by taking two images of different subjects x1, xz, features f{x1) and f{xz) may be
extracted from Gene. The interpolation between these two can be used to generate a
number of representations, which can be fed to Gdec to synthesize face images. By way of
example, FIG. 9 illustrates image synthesis by interpolating between the identity
representation of two faces (far left and far right). Specifically, FIG. 9 (a) shows a
transition from a female subject to a male subject with beard and glasses. These smooth
semantic changes shows that the model has learned essential identity representations for
image synthesis.

[0101] Similar interpolation can be conducted for the pose codes as well. During

training, a one-hot vector ¢ may be used to control the discrete pose of the synthesized
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image. During testing, face images could be generated with continuous poses, whose pose
code may be a weighted average, i.e. an interpolation, of two neighboring pose codes.
Note that the resultant pose code need no longer be a one-hot vector. As shown in FIG. 9
(b), such pose interpolation can produce a smooth pose transition from one view to many
unseen views.

[0102] Furthermore, one may also interpolate the noise z. For instance, frontal
faces can be synthesized at z=-1 and z=1 (a vector of all 1s) and interpolated between the
two z. Given the fixed identify representation and pose code, the syndetic images are
identity-preserving frontal faces. By way of example, FIG. 9 (c) shows that a change of z
can lead to a change of the background, illumination condition, and facial attributes (e.g.
a beard), while the identity remains preserved and faces are of the frontal view. Thus, z
can model less significant face variations. Note that while utilizing Gdec, the noise vector
z is randomly generated and thus the effective appearance variation induced by z would
be less than that in FIG. 9 (c), which has two extreme values for z.

[0103] A generator, in accordance with the present DR-GAN framework, may also
be trained to be a face rotator. That is, given one or multiple face images with arbitrary
poses, multiple identity-preserved faces at different views can be generated. By way of
example, FIG. 8 shows the face rotation results on Multi-PIE. Given an input image at any
pose, multi-view images of the same subject with different poses or lighting conditions
can be generated by specifying different pose codes or illumination codes. As appreciated
from FIG. 8, rotated faces generated this way are similar to the ground truth with well-
preserved attributes such as eyeglasses.

[0104] As described, one application of face rotation is face frontalization. The
present DR-GAN can be used for face frontalization by specifying the frontal-view as the
target pose. By way of example, FIG. 10 shows the application of face frontalization on
CFP, in accordance with the present approach. Specifically, FIG. 10 (a) shows input, FIG.
10 (b) shows frontalized images, FIG. 10 (c) shows real frontal faces, and FIG. 10 (d)
shows rotated faces at 15°, 30° and 45° poses. As shown, given an extreme profile input
image, DR-GAN can generate a realistic frontal face that has similar identity
characteristics as the real frontal face. To the best knowledge of the inventor, this is the
first work that is able to frontalize a profile-view in-the-wild face image. When the input

image is already in the frontal view, the synthetic images can correct the pitch and roll
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angles, normalize illumination and expression, and impute occluded facial areas, as
shown in the last few examples of FIG. 10.

[0105] In another example, FIG. 11 shows face frontalization results on a [JB-A
dataset. For each subject or template in the figure, 11 input images 1100 (along with
estimated coefficients indicating image quality), 11 frontalized images 1102
corresponding to the input images 1100, a ground truth frontal image 1104, and a
synthetic frontal image 1106 are shown. As described, the synthetic frontal image 1106
is obtained from the fused representation of all 11 images. In accordance with the
present framework, input images 1100 with low coefficients (indicative low-quality or
large-pose input images) provide little contribution to the fused representation of the
synthetic frontal image 1106. As appreciated from the figure, large poses, occlusion and
low resolution cab pose challenges to the accuracy of an individual frontalized images
1102. Nevertheless, the synthetic frontal image 1106 provides superior quality
compared each of the frontalized images 1102. This demonstrates the effectiveness of the
present multi-image DR-GAN approach, in taking advantage of multiple images of the
same subject for better representation learning.

[0106] To further evaluate face frontalization, the number of input images was
varied between 1 and 11. Referring now to the example of FIG. 12, input images 1200, a
first set of frontalized images 1202, and a ground truth frontal image 1204 are shown. In
addition, a second set of frontalized images 1210 is shown, where each image in the
second set of frontalized images 1210 was generated by incrementally fusing
representations from all previous inputs up that image (from left to right). As
appreciated from the first set of frontalized images 1202, each frontalized image depends
on the quality of its respective input image. However, images in the second set of
frontalized images 1210 improve as the number of added images increases (from left to
right).

[0107] As described, for multi-image DR-GAN, confidence coefficients can be
learned for each input image by assuming that the learnt coefficient is indicative of the
image quality, i.e,, how good it can be used for face recognition. Therefore, a low-quality
image should have a relatively poor representation and small coefficient so that it would
contribute less to the fused representation. To validate this assumption, confidence
coefficients were computed for all images in [JB-A and CFP databases and a plot of the

distribution is shown in FIG. 13.
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[0108] For a []B-A dataset (FIG. 13 (a)), four example images are shown with low
(i), medium-low (ii), medium-high (iii), and high coefficients (iv). As appreciated from
the figure, the learnt coefficients are correlated to the image quality. Images with
relatively low (e.g. i) coefficients are blurred, with large poses or failure cropping. On the
other hand, images with relatively high (e.g. iv) coefficients are of very high quality with
frontal faces and less occlusion. Since CFP consists of 5,000 frontal faces and 2, 000
profile faces, their distributions is plotted separately in FIG. 13 (b). Despite some overlap
in the middle region, the profile faces clearly have relatively low (i) coefficients compared
to the frontal faces. Within each distribution, the coefficients are also related to other
conditions, such as yaw angles. The low-quality images for each pose group typically
include occlusion and/or challenging lighting conditions, while the high-quality ones
have less occlusion and are under normal lighting.

[0109] To quantitatively evaluate the correlation between the coefficients and face
recognition performance, an identity classification experiment was performed on a []B-A
dataset. Specifically, all frames of one video were randomly selected for each subject, with
half of images being used for training and the remaining half for testing. The training and
testing sets shared the same identities. Therefore, in the testing stage, the output of the
softmax layer could be used as the probability of each testing image belonging to the right
identity class. This probability is an indicator of how well the input image can be
recognized as the true identity. Therefore, the correlation between coefficients and
classification probabilities estimated using the testing set was analyzed. As shown in FIG.
14, a correlation of 0.69 was observed, supporting the assumption that learnt coefficients
are indicative of the image quality.

[0110] One common application of image quality is to prevent low-quality images
from contributing to face recognition. To validate whether learnt coefficients have such
usability, an additional experiment was designed. Specifically, for each template in the
[]B-A dataset, images whose coefficients w were larger than a predefined threshold wt
were kept. If all w are below the threshold, only the image with the highest w was kept.
Table 8 reports the performance on IJB-A, with different wt. These results show that
keeping all or majority of the samples are better than removing them. This demonstrates
the effectiveness of DR-GAN to automatically diminishing the impact of low-quality
images, without removing them by thresholding. Noteworthy, when wt is 0, all test

images were included, thereby producing the same results as those in Table 6.
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[0111] As described, in some aspect, Genc may be improved by using model switch,

i.e, replacing D with Genc during training. As an example, Table 9 shows the performance
of Genc for face recognition on a Multi-PIE dataset. First, Genc was initialized with a model
trained with the softmax loss for identity classification. Then, Genc was used to replace D4
and retrain G with random initialization. When G converged, D? was replaced with Genc,
and the above steps were repeated. Empirically, it was observed that G converged in less
than 20 epochs for the Multi-PIE dataset. Hence, the model switch was performed every

20 epochs, and Table 9 reports face recognition performance of Genc at each switch.

TABLE & Performancee of o on Mulii-PIE when keep switching
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[0112] As appreciated from Table 9, the performance keeps improving as training
goes on. In some implementations, it is envisioned that the present DR-GAN framework
could be used in cooperation with a 3rd party recognizer by including such recognizer in
Dd, for example, and further improve upon it. In this manner, the present approach can
leverage and improve upon any future developments in face recognition.

[0113] As described, in the present DR-GAN approach, the learnt representation is
disentangled from pose variations via the pose code. To further validate this, a
visualization on the FC layer in Gaec, denoted as h € R6%6x320 was performed. The goal was
to select two out of the 320 filters that had the highest responses for identity and pose
respectively. The assumption was that if the learnt representation was pose-invariant,
there should be separate neurons to encode the identity features and pose features.
[0114] Recall that f{x) [R329, ¢ € IR13, and z € [R3® can be concatenated into one

feature vector, which then multiplies with a weight matrix Ws: € [R(320+13+50) x (6x6x320) and
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generated the output h, with h being the feature output of one filter in FC, i.e. hi € [Réx6,
Let We=[ Wx; W, W,] denote the weight matrix with three sub-matrices, which would
multiple with f{x), ¢, and z, respectively. Taking the identity matrix as an example, one
can obtain Wa=[ Wlg W2g .. W320], where Wig € R320x36, An energy vector sd € R320may
then be computed, where each element is sd ||Wik||r. The filter with the highest energy
in can be found in sd as ka=argmaxisia. Similarly, by partitioning W¢, another filter, kp, can
be found having the highest energy for the pose.

Given the representation f{x) of one subject, alone with a pose code z and noise z, the

responses of two filters may be computed via h*¢ = (f(x);¢, Z)TIMJZ”‘ and h*¢ =
(fx); ¢ Z)Tmlzp. By varying the subjects and pose codes, two arrays of responses may be

generated for identity (hkd ) and pose (hkd), as shown in FIG. 15. For both arrays, each
row represents the responses of the same subject and each column represents the same
pose. The responses for identity encode the identity features, where each row showed
similar patterns and each column did not share similarity. By contrast, for pose
responses, each column shared similar patterns while each row was not related. This
visualization demonstrates that the learnt representation is pose-invariant.

[0115] Furthermore, how the dimensionalities of representations (Nf) and noise
vectors (N) affected the recognition performance of the learnt model was explored on a
CFP dataset. The recognition results are reported in Table 10. In particular, the
dimensionality of noise vectors appeared to have negligible effect on the recognition
performance. For this example, a dimension of 50 was chosen for its minor improvement
over others and its ability to incorporate variations other than poses during the synthesis.
However, the dimensionality of representations has more impact, and 320 appeared to
perform the best in this example.

TABLE #( Effect of vector dimension on CFP performance.

T NG Frontal-Froutal Froral-Protile
Ne ™l 190 A0 Y 10 A0
G7.22 091.65
G7.76 92,55

G748

v
404 97.86 93.68
[0116] The present invention has been described in terms of one or more

preferred embodiments, and it should be appreciated that many equivalents,
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alternatives, variations, and modifications, aside from those expressly stated, are possible

and within the scope of the invention.
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8. The method of claim 1, wherein the method further comprises generating at least
one synthetic image by inputting the identity representation, a noise vector and a target
pose code into the decoder.

9. The method of claim 8, wherein the at least one synthetic image is a frontal image.

10.  The method of claim 8, wherein the method further comprises classifying the at
least one synthetic image by providing the at least one synthetic image and the image to
the discriminator.

11.  The method of claim 8, wherein a pose of the subject in the at least one synthetic
image is different than the pose of the subject in the image.

12. The method of claim 11, wherein the pose of the subject in the at least one
synthetic image differs by up to 90° from the pose of the subject in the image.

13.  Asystem for identifying a subject using imaging, the system comprising:
an input for receiving images depicting a subject to be identified;

a processor programmed to carry out instructions for processing images received
by the input, the instructions comprising:

applying a trained Disentangled Representation learning-Generative
Adversarial Network (DR-GAN) to at least one image to generate an identity
representation of the subject, wherein the DR-GAN comprises a discriminator and a
generator having at least one of an encoder and a decoder;

identifying the subject using the identity representation;
generating a report indicative of the subject identified; and

an output for providing the report.

14.  The system of claim 13, wherein the processor is further programmed to
carry out instructions to determine a pose of the subject from an image received from the
input.
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15.  The system of claim 13, wherein the processor is further programmed to
carry out instructions to generate feature vectors by inputting received images into
respective encoders of the DR-GAN.

16.  The system of claim 15, wherein the processor is further programmed to
carry out instructions to combine the feature vectors into a combined feature vector
using learned coefficients.

17.  The system of claim 16, wherein the processor is further programmed
carry out instructions to use at least one of the feature vectors or the combined feature
vector to generate the identity representation.

18.  The system of claim 13, wherein the processor is further programmed
carry out instructions to generate at least one synthetic image by inputting the identity
representation, a noise vector and a target pose code into the decoder.

19.  The system of claim 18, wherein the processor is further programmed
carry out instructions to generate a frontal image using the identity representation, the
noise vector and the target pose code.

20.  The system of claim 18, wherein the processor is further programmed
carry out instructions to classify the at least one synthetic image by providing the atleast
one synthetic image and the at least one image to the discriminator.
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CLAIMS
1. A method for identifying a subject using imaging, the method comprising:
receiving an image depicting a subject to be identified;

applying a trained Disentangled Representation learning-Generative Adversarial
Network (DR-GAN) to the image to generate an identity representation of the subject,
wherein the DR-GAN comprises a discriminator and a generator having atleast one of an
encoder and a decoder;

identifying the subject using the identity representation; and

generating a report indicative of the subject identified.

2. The method of claim 1, wherein the method further comprises extracting the
identity representation by inputting the image into the at least one encoder of the DR-
GAN.

3. The method of claim 1, wherein the method further comprises determining a pose
of the subject depicted in the image.

4., The method of claim 1, wherein the method further comprises receiving a plurality
of images depicting the subject.

5. The method of claim 4, wherein the method further comprises generating features
associated with each of the plurality of images by the images into respective encoders of
the DR-GAN.

6. The method of claim 5, wherein the method further comprises combining the
features associated with each of the plurality of images to generate the identity
representation.

7. The method of claim 5, wherein the method further comprises generating the
identity representation by weighing the features using learned coefficients.
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