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UNIVERSAL FEATURE REPRESENTATION LEARNING FOR FACE
RECOGNITION

RELATED APPLICATION INFORMATION
10001] This application claims priority to provisional application serial number
62/934,620, tiled on November 13, 2019, and U.S. Patent Application No. 17/091,011,

filed on November 6, 2020, incorporated by reference herein in their entirety.

BACKGROUND
Technical Field

10002]  The present invention relates to artificial intelligence and machine learning,

and more particularly to face recognition.

Description of the Related Art
10003] Deep face recognition seeks to map input images to a feature space with small
Intra-identity distance and large inter-identity distance. Face recognition can be difficult
as faces can appear in many varieties that cannot be simply synthesized or predicted.
Conventional face recognition techniques either train with specifically annotated
variation data, or by introducing variation data to adapt from the training data.
Alternatively, individual models may be trained on various datasets and ensembled to

obtain performance over each single model.

SUMMARY
10004] According to an aspect of the present invention, a computer-implemented
method 1s provided for implementing face recognition. The computer-implemented

method includes receiving training data including a plurality of augmented images each
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corresponding to a respective one of a plurality of input images augmented by one of a
plurality of variations, splitting a feature embedding generated from the training data
into a plurality of sub-embeddings each associated with one of the plurality of
variations, assocliating each of the plurality of sub-embeddings with respective ones of
a plurality of confidence values, and applying a plurality of losses including a
confidence-aware identification loss and a variation-decorrelation loss to the plurality
of sub-embeddings and the plurality of confidence values to improve face recognition
performance.

10005]  According to another aspect of the present invention, a system is provided for
implementing tace recognition. The system includes a memory device storing program
code and at least one processor device operatively coupled to the memory device. The
at least one processor device is configured to execute program code stored on the
memory device to receive training data including a plurality of augmented images each
corresponding to a respective one of a plurality of input images augmented by one of a
plurality of variations, split a feature embedding generated from the training data into
a plurality of sub-embeddings each associated with one of the plurality of variations,
associate each of the plurality of sub-embeddings with respective ones of a plurality of
confidence values, and apply a plurality of losses including a confidence-aware
identification loss and a variation-decorrelation loss to the plurality of sub-embeddings
and the plurality of confidence values to improve face recognition performance.
10006] These and other features and advantages will become apparent from the

following detailed description of illustrative embodiments thereof, which is to be read

In connection with the accompanying drawings.
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BRIEF DESCRIPTION OF DRAWINGS

10007}  The disclosure will provide details in the following description of preferred
embodiments with reference to the following figures wherein:

10008] FIG. 1 1s a diagram illustrating a face recognition training framework, in
accordance with an embodiment of the present invention;

10009] FIG. 2 1s a diagram illustrating confidence-aware identification loss and
variation-decorrelation loss, in accordance with an embodiment of the present
invention;

10010] FIG. 3 1s a block/flow diagram illustrating an exemplary environment for
implementing face recognition, in accordance with an embodiment of the present
invention;

[0011] FIG. 4 is a block/flow diagram illustrating a system/method for implementing
face recognition, in accordance with an embodiment of the present invention; and
10012}  FIG. 5 is a block/flow diagram illustrating a computer system, in accordance

with an embodiment the present invention.

DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS

10013] In accordance with embodiments of the present invention, systems and
methods are provided for implementing face recognition. More specifically, the
embodiments described herein can provide a universal feature representation learning
framework for deep face recognition, which is a face representation learning framework
that learns universal features by associating them with different variations, thereby
leading to improved generalization on unseen variations. During training, a single
universal feature representation can be targeted to conduct face recognition on

augmented images (e.g., low-quality images), without leveraging the images for
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training or for domain adaptation. For example, the augmented images can be
augmented by variations including, but not limited to, blurriness (e.g., low-resolution),
occlusion and pose (e.g., head pose). The embodiments described herein introduce a
confidence-aware identification loss to learn from hard examples, which is further
extended by splitting a feature embedding (e.g., feature vector) into a plurality of sub-
embeddings with independent confidence. The variations are applied to further
decorrelate the feature embedding using variation-decorrelation loss. The embodiments
described herein can discover further non-augmentable variations to achieve better
decorrelation. An uncertainty-guided pairwise metric can be used for inference.
10014] Embodiments described herein may be entirely hardware, entirely software
or including both hardware and software elements. In a preferred embodiment, the
present invention is implemented in software, which includes but is not limited to
firmware, resident software, microcode, etc.

10015] Embodiments may include a computer program product accessible from a
computer-usable or computer-readable medium providing program code for use by or
In connection with a computer or any instruction execution system. A computer-usable
or computer readable medium may include any apparatus that stores, communicates,
propagates, or transports the program for use by or in connection with the instruction
execution system, apparatus, or device. The medium can be magnetic, optical,
electronic, electromagnetic, infrared, or semiconductor system (or apparatus or device)
or a propagation medium. The medium may include a computer-readable storage
medium such as a semiconductor or solid state memory, magnetic tape, a removable
computer diskette, a random access memory (RAM), a read-only memory (ROM), a

rigid magnetic disk and an optical disk, etc.
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10016] Each computer program may be tangibly stored in a machine-readable storage
media or device (e.g., program memory or magnetic disk) readable by a general or
special purpose programmable computer, for configuring and controlling operation of
a computer when the storage media or device is read by the computer to perform the
procedures described herein. The inventive system may also be considered to be
embodied in a computer-readable storage medium, configured with a computer
program, where the storage medium so configured causes a computer to operate in a
specific and predefined manner to perform the functions described herein.

[0017] A data processing system suitable for storing and/or executing program code
may include at least one processor coupled directly or indirectly to memory elements
through a system bus. The memory elements can include local memory employed
during actual execution of the program code, bulk storage, and cache memories which
provide temporary storage of at least some program code to reduce the number of times
code 1s retrieved from bulk storage during execution. Input/output or I/O devices
(including but not limited to keyboards, displays, pointing devices, etc.) may be coupled
to the system either directly or through intervening 1/0O controllers.

10018] Network adapters may also be coupled to the system to enable the data
processing system to become coupled to other data processing systems or remote
printers or storage devices through intervening private or public networks. Modems,
cable modem and Ethernet cards are just a few of the currently available types of
network adapters.

10019]  As employed herein, the term “hardware processor subsystem” or “hardware
processor” can refer to a processor, memory, software or combinations thereof that
cooperate to perform one or more specific tasks. In useful embodiments, the hardware

processor subsystem can include one or more data processing elements (e.g., logic
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circults, processing circuits, instruction execution devices, etc.). The one or more data
processing elements can be included in a central processing unit, a graphics processing
unit, and/or a separate processor- or computing element-based controller (e.g., logic
gates, etc.). The hardware processor subsystem can include one or more on-board
memories (e.g., caches, dedicated memory arrays, read only memory, etc.). In some
embodiments, the hardware processor subsystem can include one or more memories
that can be on or off board or that can be dedicated for use by the hardware processor
subsystem (e.g., ROM, RAM, basic input/output system (BIOS), etc.).

10020] In some embodiments, the hardware processor subsystem can include and
execute one or more software elements. The one or more software elements can include
an operating system and/or one or more applications and/or specific code to achieve a
specified result.

10021] In other embodiments, the hardware processor subsystem can include
dedicated, specialized circuitry that performs one or more electronic processing
functions to achieve a specified result. Such circuitry can include one or more
application-specific integrated circuits (ASICs), field-programmable gate arrays
(FPGASs), and/or programmable logic arrays (PLAS).

10022] These and other variations of a hardware processor subsystem are also
contemplated in accordance with embodiments of the present invention.

[0023]  Referring now in detail to the figures in which like numerals represent the
same or similar elements and initially to FIG. 1, a block/flow diagram is provided
Ilustrating a face recognition training framework 100.

10024]  As shown, the framework 100 includes training data 110 including a plurality
of augmented images each include a face image. More specifically, the one or more

augmented 1mages can include a plurality of augmented face images. In one
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embodiment, the plurality of augmented face images can include human face images.
However, such an embodiment should not be considered limiting, and the embodiments
described herein can be applied to perform face recognition training with respect to any
suitable face images.

10025]  As used herein, the term “augmented image” refers to an image that is
generated by modifying an input image (e.g., “‘high-quality” image) to include one or
more pre-defined variations. For example, the training data 110 can be generated by
applying online variation data augmentation to introduce the one or more (pre-defined)
variations into one or more input images. Examples of variations include, but are not
limited to, blurriness (e.g., low-resolution), occlusion and pose (e.g., head pose).
Accordingly, the plurality of augmented images correspond to “low-quality” images
that are intentionally generated for training purposes.

10026]  As turther shown, the training data 110 is fed into a backbone neural network
structure 120 configured to generate a feature representation or embedding. In one
embodiment, the backbone neural network structure 120 is a backbone deep neural
network structure configured to generate a deep feature embedding. For example, the
backbone neural network structure 120 can include a residual neural network (ResNet).
In one embodiment, the backbone neural network structure 120 can include an iterative
ResNet (1IResNet).

10027]  As further shown, the feature embedding is split into a set of sub-embeddings
130. For example, as shown, the set of sub-embeddings 130 can include a plurality of
sub-embeddings 132-1 through 132-3 representing respective ones of blurriness,
occlusion and pose. Accordingly, the plurality of sub-embeddings 132-1 through 132-

3 each represent different factors of variations.
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10028]  When training is conducted among quality-various samples, if we assume the
same confidence across all samples, a learned prototype will be in the center of all
samples. This is irrational as low-quality samples convey more ambiguous identity
information. In contrast, if we set up sample-specific confidence, of which high-quality
samples show higher confidence, the prototype is pushed to be more similar to high-
quality samples in order to maximize the posterior.

10029]  Thus, the framework 100 further includes a set of confidences 140.
Alternatively, the set of confidences 140 can be viewed as a set of uncertainties. and
the set of confidences 140 can include a plurality of sample-specific confidences 142-
I through 142-3 associated with respective ones of the plurality of sub-embeddings
132-1 through 132-3.

10030] In this tllustrative example, the set of sub-embeddings 130 includes three sub-
embeddings and the set of confidences 140 includes three confidences. However, the
set of sub-embeddings 130 and the set of confidences 140 can include any suitable
number of sub-embeddings and confidences, respectively, in accordance with the
embodiments described herein.

10031]  As further shown, the framework 100 further includes a confidence-aware
identification loss component 150. The confidence-aware identification loss component
150 1s configured to apply a confidence-aware identification loss to the set of sub-
embeddings 130 and the set of confidences 140. More specifically, the confidence-
aware 1dentification loss can be based on a confidence-aware posterior in which a
sample-specific confidence is used to push a prototype vector (e.g., identity template
feature) to be more similar to high-quality training images in order to maximize the
confidence-aware posterior. Meanwhile, if a feature embedding of the training image

1s low-quality, the sample-specific confidence can provide a stronger push for the
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feature embedding to be closer to a prototype vector during an update of the feature
embedding.

10032] Setting up the set of sub-embeddings 130 along does not guarantee the features
in different groups are learning complementary information. For example, the plurality
of sub-embeddings 132-1 through 132-3 can be highly correlated. By penalizing the
plurality of sub-embeddings 132-1 through 132-3 with different regularization, the
correlation among them can be reduced. By associating different ones of the plurality
of sub-embeddings 132-1 through 132-3 with different variations, we can conduct
variation classification loss on a subset of all the sub-embeddings while conducting
variation adversarial loss in terms of other variation types. Given multiple variations,
such two regularization terms can be forced on different subsets, leading to better sub-
embedding decorrelation.

10033]  To achieve this decorrelation, as further shown, the set of sub-embeddings
130 1s also fed into a variation-decorrelation loss component 160. The variation-
decorrelation loss component 160 is configured to apply a variation-decorrelation loss
to the set of sub-embeddings 130 to reduce the correlation among those of the plurality
of sub-embeddings 130. More specifically, the variation-decorrelation loss decouples
different ones of the plurality of sub-embeddings 132-1 through 132-3 by associating
them with different domains in the training data 110. For example, the application of
the variation-decorrelation loss to the plurality of sub-embeddings 132-1 through 132-
3 can force the plurality of sub-embeddings 132-1 through 132-3 to be less invariant to
blurriness, occlusion, pose, etc. Accordingly, the variation-decorrelation loss can
improve face recognition training.

10034]  To further illustrate the framework 100, including the components 150 and

160, let y be an identity label and N be the number of identities. We investigate the
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posterior probability of being classified to identity j € {1,2,...,]}, given the input
sample x;. We denote the feature embedding of sample 7/ as f; and the j-th identity

prototype vector as w;, which is the identity template feature. A probabilistic

embedding network 8 can represent each sample x; as a Gaussian or normal

distribution in the feature space. The likelihood of x; being a sample of the class j can

then be given by:

p(x;ly = J) < pg(w;l|x;) = —5 eXp (—ﬂfiuwiﬂ“) (1)

= 20'.2
(2n07)? i
where ¢/ is the variance of the Gaussian distribution and D is the feature dimension.

Further assuming that the prior of assigning a sample to any identity as equal, posterior

of x; belong to the j-th class can be given by:

Jrimw |
exp( flz M;jl )
. p(xily=Ppr»=J) !
p(y = jlx;) = 3 ~ = > (2)
Yoy P(xily=c)p(y=c) Zézlexp(—-”f‘;“;c“ )
For simplicity, define a confidence value s; = ;1-5, indicating the confidence of assigning

4

some identity w; to f;. Constraining both w; to f; on the »-normalized unit sphere, we

2
have MLM;’” = 5;(1 —wj f;), and thus

20;

eXp(siwffi)
Z‘é:l exp(siwgfi)

p(y =Jjlx;) = (3)

10
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where WJTrepresents the transpose of wy.

[0035] During embedding f; update, a stronger push is provided for a low-quality f;
to be closer to the prototype. Accordingly, performing confidence guiding In

accordance with, e.g., Equation 5, the learned prototype vector w; is pushed closer to

high-quality samples to represent the identity better.
[0036] Additional loss margin can be used to narrow the within-identity distribution
and widen an inter-identity distribution. Such additional loss margin can be

incorporated into the loss form as follows:

exp(siw;ifi-—m)

eXp(SiW;ifi“m)‘*'Zj::yi EXP(SL'W}Pfi)

Li’dt = —log

(4)

where y; 1s the ground-truth label of x; and m is the loss margin.

10037] The confidence-aware identification loss can be confidence-aware softmax
(C-Softmax) loss, which i1s difterent from cosine loss as follows: (1) each image has an
independent and dynamic confidence value s; rather than a constant shared scalar and
(2) the margin parameter m 1s not multiplied by s;. The independence of s; allows it to
gate the gradient signals of w; and f; in a sample-specific way, as the confidence
(degree of variation) of each training sample could be largely different. Though samples
are specific, a heterogeneous feature space can be pursued such that the metric across
different identities should be consistent. Thus, by allowing s; to compensate the

samples’ confidence difference, the loss margin m can be isolated to be constantly

shared across all the 1dentities.
10038] Though the feature embedding f; learned through a sample-specific gating s;

can deal with sample-level variations, the correlation among the entries of f; itself can

11
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still be high. To maximize the representation power and achieve a compact feature size,

decorrelating the entries of the embedding may be necessary.
10039] To achieve this, and as described above, the feature embedding f; is
partitioned into the set of sub-embeddings 130, each of which is assigned with a

different confidence value from the set of confidences 140. More specifically, f; can be

partitioned into K equal-length sub-embeddings, and the prototype vector w; and the

confidence value s; can be partitioned into the same K sized groups as follows:

_ (VT . (2)T (K)T
Wi = [Wj Wi LW ]
DT (2T K)T
fi = [£O7, (@7, 00T (5)

1)T 2)T K)T
Si:[si() PROLIING }

Where each group of sub-embeddings fi(k)is [-2 normalized onto the unit sphere

separately. The final identification loss can thus be given by:

] co{ey )
Ligr = —log eXp(a,;'yi-m)ﬂ:jmyiexp(ai,j) (0)
1 k KT (K
ai; = =Ykoy s Ow O£ ().

10040] A common issue for neural networks is that they tend to be “over-confident” on
predictions. To address this, an additional /> regularization can be added to constrain

the confidence from growing arbitrarily large as follows:

1 k
Lyeg = % fc(=15i( ) (8).

12
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[0041] For each augmentable variation t € {1,2,...,M}, a binary mask V; can be
generated, which selects a random first K/2 subset of all sub-embeddings while setting
the second K/2 subset to be zeros. The masks can be generated at the beginning of the
training and can remain fixed during training. The masks are different for different
variations. It is expected that V,.(f;) reflects the f-th variation while being invariant to
the other variations. Accordingly, a muiti-label binary discriminator C can be built by

learning to predict all variations from each masked subset as follows:

M
- A
) = =Y logpe (i = wlVe() =
t=1
-2, 3 ogpe (ul = () Q

where u; = [ui(l), ui(z), e ui(M)} are the binary labels (0/1) of the known variations and

U; 1s the ground-truth label. For example, if 1 = 1 corresponds to resolution, ﬁi(l) would

be 1 for high-resolution images and 0 for low-resolution images. It is noted that

Equation 9 is only used for training the discriminator C.

10042] The corresponding classification loss L., and adversarial loss L,4, Of the

embedding network can then be given by:

Les = _Z{“Vl:llogpc (ui(t) — Ai(t)lvt(fi)) (10)

13
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1 t’
Lagy = = Lzm(glogm (uE ) = owto:;))—r

Llogp. (u?') - 1!%(@)) ()

|0043] The classification loss L. encourages V, to be variation-specific while the
adversarial loss L. encourages in-variance to the other variations. As long as no two
masks are the same, it guarantees that the selected subset V, is functionally different
from another subset V;,, thus achieving decorrelation between V, and V,. The overall

loss function for each sample can be provided as

min L

9 = Ligt + Aregl‘reg + Acisbeis + AqavLadv (12)

Where during optimization, Equation 12 is averaged across the samples in the mini-
batch.

10044] As noted above, in one embodiment, there are three augmentable variations
(blur, occlusion and pose). However, such a number can correspond to a limited
decorrelation effect as the number of subsets V., may be too small. Thus, to further
enhance the decorrelation and to introduce more variations for better generalization
ability, in some embodiments, additional variations with semantic meaning can be
mined. Not all variations are easy to use for conducting data augmentation (e.g., smiling
or not smiling can be hard to augment). For such variations, we can mine out variation
labels from original training data. In particular, an attribute dataset can be leveraged to

train an attribute classification model 84 with identity adversarial loss as follows:

14
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N
min LGA 1 .
= —logp(lalxs) — —-—2 logp(ya = c|xy)
6’A NA
C
min L
D, = ~108P(ya = i, l%a) (13)

where /4 1s the attribute label, y, is the identity label, x4 is the input face image and N,

s the number of identities in the attribute dataset. The first term, Ly ,, penalizes the

feature to classify face attributes and the second term, L, ,» penalizes the feature to be

invariant to identities.
10045] The attribute classifier can then be applied to the recognition training set to
generate 1 additional soft variation labels (e.g., smiling or not smiling, young or old).

These additional soft variation labels can be merged with the original augmentable

§M+1) u§M+T)

o 1 Y, M
variations labels as u; = [uf ),ug ), ...,ui( ),ul ey U

] and then incorporated

into the decorrelation learning performed by the component 160.

10046] Considering the metric for inference, simply taking the average of the learned
sub-embeddings can be a sub-optimal option. This is because different sub-embeddings
can show different discriminative power for different variations, and their importance
should vary according to given image pairs. Thus, pairwise similarity scores according

to respective image pairs can be obtained as follows:

(k) (k) ||*
17°-570 ok K2 | (k)2
e D LT

score(x;, x;) = “%Z’,le

(14)

15
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where each of the pairwise similarity scores Score(xi, xj) corresponds to learned sub-

embedding importance. With Equation 8 for regularization, it can be seen that the
confidence learned with the identification loss can still tend to be overconfident and
hence cannot be directly used for Equation 14. Thus, the original confidence branch can
be fine-tuned to predict o while fixing the other parts.

10047] Further details regarding confidence-aware identification loss and variation-
decorrelation loss will now be described with reference to FIG. 2.

10048] Referring now to FIG. 2, a diagram 200 is provided illustrating a block 210
corresponding to confidence-aware identification loss and a block 220 corresponding
to variation-decorrelation loss.

10049] As shown in block 210 for the illustration of confidence-aware softmax (C-
Softmax) loss, a plurality of samples of a class A 212 and a plurality of samples of a

class B 214 are separated by a margin m. The diameter of each of the samples 212 and

214 corresponds to a confidence value s.

[0050] As shown in block 220 for the illustration of variation-decorrelation loss, we
consider two variations as two axes #” and »""" and subset V,. By applying the
variation-decorrelation loss described herein, the correlation of features alongside the
two axes can be decreased.

10051} The face recognition training performed in accordance with the embodiments
described above with reference to FIGs. 1 and 2 can be implemented to perform face
recognition within any suitable system or context.

10052] For example, referring now to FIG. 3, an exemplary environment 300 for
implementing face recognition is shown. More specifically, the environment 300
includes a user 310 and a computing system or device 320. The computing system 320

can implement a biometric system that grants or denies the user 310 access to the

16
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computing system 320 based on an analysis of the face of the user 310. For example,
in this illustrative embodiment, the computing system 320 is a smartphone that includes
a camera. This embodiment is purely exemplary, and the embodiments described herein
can be used within any suitable environment.

[0053] As further shown, the environment 300 can further include at least one processor
device 330. The processor device 330 can be configured to implement the
system/method described herein for implementing face recognition Although the
processing device 330 is shown as being a separate entity from the computing system
320, the processor device 300 can alternatively be a subcomponent of the computer
system 320, or the computer system 320 can be a subcomponent of the processor device
330.

10054] Referring now to FIG. 4, a block/flow diagram is provided illustrating a
system/method 400 for implementing face recognition.

10055] At block 410, training data including a plurality of augmented images each
corresponding to a respective one of a plurality of input images augmented by one of a
plurality of variations is received.

10056] At block 420, a feature embedding generated from the training data is split
Into a plurality of sub-embeddings each associated with one of the plurality of
variations. For example, a first sub-embedding can be associated with blur, a second
sub-embedding can be associated with occlusion, and a third sub-embedding can be
associated with pose.

[0057] At block 430, each of the plurality of sub-embeddings is associated with
respective ones of a plurality of confidence values.

10058] At block 440, a plurality of losses including a confidence-aware identification

loss and a variation-decorrelation loss is applied to the plurality of sub-embeddings and
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the plurality of confidence values to improve face recognition performance by learning
the plurality of sub-embeddings.

10059]  The confidence-aware identification loss utilizes confidence guiding to push
a learned prototype to be closer to high-quality images to maximize the posterior.
During updating of the feature embedding, it also provides a stronger push for a low-
quality teature embedding to be closer to the learned prototype. In one embodiment,
the confidence-aware identification loss incorporates a loss margin to narrow the
within-tdentity distribution and widen an inter-identity distribution. In one
embodiment, the confidence-aware identification loss i1s implemented as C-Softmax
loss.

10060] The variation-decorrelation loss associates different ones of the plurality of
sub-embeddings by associating them with different ones of the plurality of variations.
For example, one or more sub-embeddings can be forced to be invariant to occlusion,
blur and/or pose. By pushing stronger invariance for each variation, the
correlation/overlap between two variations can be reduced. In one embodiment, the
variation-decorrelation loss applies a classification loss on the plurality of variations
and an adversarial loss on different partitions of the plurality of sub-embeddings.
10061] In one embodiment, the plurality of losses further includes an additional
regularization to constrain confidence from growing arbitrary large.

10062] At block 450, pairwise similarity scores each corresponding to learned sub-
embedding importance are obtained according to respective image pairs.

[0063] Further details regarding blocks 410-450 are described above with reference
to F1Gs. 1-2.

[0064] Referring now to FIG. 5, an exemplary computer system 600 is shown which

may represent a server or a network device, in accordance with an embodiment of the
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present invention. The computer system 300 includes at least one processor (CPU) 505
operatively coupled to other components via a system bus 502. A cache 506, a Read
Only Memory (ROM) 508, a Random-Access Memory (RAM) 510, an input/output
(1/0) adapter 520, a sound adapter 530, a network adapter 590, a user interface adapter
550, and a display adapter 560, are operatively coupled to the system bus 502.

[0065] A first storage device 522 and a second storage device 529 are operatively
coupled to system bus 502 by the I/O adapter 520. The storage devices 522 and 529 can
be any of a disk storage device (e.g., a magnetic or optical disk storage device), a solid
state magnetic device, and so forth. The storage devices 522 and 529 can be the same
type of storage device or different types of storage devices.

10066] A speaker 332 may be operatively coupled to system bus 502 by the sound
adapter 530. A transceiver 595 is operatively coupled to system bus 502 by network
adapter 590. A display device 562 is operatively coupled to system bus 502 by display
adapter 560.

10067] A first user input device 552, a second user input device 5359, and a third user
input device 556 are operatively coupled to system bus 502 by user interface adapter
550. The user input devices 552, 559, and 556 can be any of a sensor, a keyboard, a
mouse, a keypad, a joystick, an image capture device, a motion sensing device, a power
measurement device, a microphone, a device incorporating the functionality of at least
two of the preceding devices, and so forth. Of course, other types of input devices can
also be used, while maintaining the spirit of the present invention. The user input
devices 552, 559, and 556 can be the same type of user input device or different types

of user input devices. The user input devices 552, 559, and 556 are used to input and

output information to and from system 500.
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10068] Face recognition (FR) component 570 may be operatively coupled to system
bus 502. FR component 570 is configured to perform one or more of the operations
described above. FR component 570 can be implemented as a standalone special
purpose hardware device, or may be implemented as software stored on a storage
device. In the embodiment in which FR component 570 is software-implemented,
although shown as a separate component of the computer system 500, FR component
570 can be stored on, e.g., the first storage device 522 and/or the second storage device
529. Alternatively, FR component 570 can be stored on a separate storage device (not
shown).

10069] Of course, the computer system 500 may also include other elements (not
shown), as readily contemplated by one of skill in the art, as well as omit certain
elements. For example, various other input devices and/or output devices can be
included in computer system 500, depending upon the particular implementation of the
same, as readily understood by one of ordinary skill in the art. For example, various
types of wireless and/or wired input and/or output devices can be used. Moreover,
additional processors, controllers, memories, and so forth, in various configurations can
also be utilized as readily appreciated by one of ordinary skill in the art. These and other
variations of the computer system 500 are readily contemplated by one of ordinary skill
in the art given the teachings of the present invention provided herein.

10070] Reference in the specification to “one embodiment” or “an embodiment” of
the present invention, as well as other variations thereof, means that a particular feature,
structure, characteristic, and so forth described in connection with the embodiment is
included in at least one embodiment of the present invention. Thus, the appearances of
the phrase “in one embodiment” or “in an embodiment”, as well any other variations,

appearing in various places throughout the specification are not necessarily all referring
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to the same embodiment. However, it is to be appreciated that features of one or more
embodiments can be combined given the teachings of the present invention provided
herein.

10071] It 1s to be appreciated that the use of any of the following ““/”, “and/or”, and
“at least one of”, for example, in the cases of “A/B”, “A and/or B and “at least one of
A and B”, 1s intended to encompass the selection of the first listed option (A) only, or
the selection of the second listed option (B) only, or the selection of both options (A
and B). As a further example, in the cases of “A, B, and/or C” and “at least one of A,
B, and C”, such phrasing is intended to encompass the selection of the first listed option
(A) only, or the selection of the second listed option (B) only, or the selection of the
third listed option (C) only, or the selection of the first and the second listed options (A
and B) only, or the selection of the first and third listed options (A and C) only, or the
selection of the second and third listed options (B and C) only, or the selection of all
three options (A and B and C). This may be extended for as many items listed.

10072] The foregoing is to be understood as being in every respect illustrative and
exemplary, but not restrictive, and the scope of the invention disclosed herein is not to
be determined from the Detailed Description, but rather from the claims as interpreted
according to the full breadth permitted by the patent laws. It is to be understood that
the embodiments shown and described herein are only illustrative of the present
invention and that those skilled in the art may implement various modifications without
departing from the scope and spirit of the invention. Those skilled in the art could
implement various other feature combinations without departing from the scope and
spirit of the invention. Having thus described aspects of the invention, with the details
and particularity required by the patent laws, what is claimed and desired protected by

Letters Patent 1s set forth in the appended claims.
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WHAT IS CLAIMED IS
l. A computer-implemented method for implementing face recognition,
comprising:

receiving (410) training data including a plurality of augmented images each
corresponding to a respective one of a plurality of input images augmented by one of
a plurality of variations;

splitting (420) a feature embedding generated from the training data into a
plurality of sub-embeddings each associated with one of the plurality of variations;

associating (430) each of the plurality of sub-embeddings with respective ones
ot a plurality of confidence values; and

applying (440) a plurality of losses including a confidence-aware
identification loss and a variation-decorrelation loss to the plurality of sub-
embeddings and the plurality of confidence values to improve face recognition

performance by learning the plurality of sub-embeddings.

2. The method as recited in claim [, further comprising receiving the plurality of
Input images, and generating the plurality of augmented images by applying online
variation data augmentation to introduce the plurality of variations into the plurality of

Input images.

3. The method as recited in claim 1, wherein the plurality variations include

blurriness, occlusion and pose.
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4. The method as recited in claim 1, where the confidence-aware identification

loss incorporates a confidence score associated with a loss margin to narrow a within-

identity distribution and widen an inter-identity distribution.

5. The method as recited in claim 1, wherein the variation-decorrelation loss
applies a classification loss on the plurality of variations and an adversarial loss on

different partitions of the plurality of sub-embeddings.

0. The method as recited in claim 1, wherein the plurality of losses further

includes an additional regularization to constrain confidence from growing arbitrary

large.

7. The method as recited in claim 1, further comprising obtaining pairwise

similarity scores according to respective image pairs, each of the pairwise similarity

scores corresponding to learned sub-embedding importance.

8. A computer program product comprising a non-transitory computer readable
storage medium having program instructions embodied therewith, the program
instructions executable by a computer to cause the computer to perform a method for
implementing face recognition, the method performed by the computer comprising:

recerving (410) training data including a plurality of augmented images each
corresponding to a respective one of a plurality of input images augmented by one of
a plurality of variations;

splitting (420) a feature embedding generated from the training data into a

plurality of sub-embeddings each associated with one of the plurality of variations;
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associating (430) each of the plurality of sub-embeddings with respective ones
ot a plurality of confidence values; and

applying (440) a plurality of losses including a confidence-aware
identification loss and a variation-decorrelation loss to the plurality of sub-
embeddings and the plurality of confidence values to improve face recognition

performance by learning the plurality of sub-embeddings.

9. The computer program product as recited in claim 8, wherein the method
further includes receiving the plurality of input images, and generating the plurality of
augmented images by applying online variation data augmentation to introduce the

plurality of variations into the plurality of input images.

10.  The computer program product as recited in claim 8, wherein the plurality

variations include blurriness, occlusion and pose.

11. The computer program product as recited in claim 8, where the confidence-
aware identification loss incorporates a confidence score associated with a loss

margin to narrow a within-identity distribution and widen an inter-identity

distribution.

2. The computer program product as recited in claim 8, wherein the variation-
decorrelation loss applies a classification loss on the plurality of variations and an

adversarial loss on different partitions of the plurality of sub-embeddings.
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13. The computer program product as recited in claim 8, wherein the plurality of

losses further includes an additional regularization to constrain confidence from

growing arbitrary large.

14.  The computer program product as recited in claim 8, wherein the method
further includes obtaining pairwise similarity scores according to respective image

pairs, each of the pairwise similarity scores corresponding to learned sub-embedding

importance.

[35. A system tor implementing face recognition, comprising:
a memory device storing program code; and
at least one processor device operatively coupled to the memory device and
configured to execute program code stored on the memory device to:
receive (410) training data including a plurality of augmented images
each corresponding to a respective one of a plurality of input images
augmented by one of a plurality of variations;
split (420) a feature embedding generated from the training data into a
plurality of sub-embeddings each associated with one of the plurality of

variations:

associate (430) each of the plurality of sub-embeddings with respective
ones of a plurality of confidence values;

apply (440) a plurality of losses including a confidence-aware
identification loss and a variation-decorrelation loss to the plurality of sub-
embeddings and the plurality of confidence values to improve face recognition

performance by learning the plurality of sub-embeddings.
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16. The system as recited in claim 15, wherein the method further includes
receiving the plurality of input images, and generating the plurality of augmented
images by applying online variation data augmentation to introduce the plurality of

variations into the plurality of input images, and wherein the plurality variations

include blurriness, occlusion and pose.

17. The system as recited in claim 15, where the confidence-aware identification
loss incorporates a confidence score associated with a loss margin to narrow a within-

identity distribution and widen an inter-identity distribution.

18.  The system as recited in claim 15, wherein the variation-decorrelation loss

applies a classification loss on the plurality of variations and an adversarial loss on

difterent partitions of the plurality of sub-embeddings.

19.  The system as recited in claim 15, wherein the plurality of losses further

includes an additional regularization to constrain confidence from growing arbitrary

large.
20.  The system as recited in claim 15, wherein the method further includes

obtaining pairwise similarity scores according to respective image pairs, each of the

pairwise similarity scores corresponding to learned sub-embedding importance.
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