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A B S T R A C T

Current face recognition models trained on large-scale face datasets have achieved promising performance.
However, using face images to train a face recognition model without consent would lead to severe privacy
and ethical issues. Moreover, existing face recognition models also exhibit uneven performance on different
races, thus perplexing vulnerable populations. To address the aforementioned two issues, this work investigates
an ethics-aware face recognition method and examines whether we can leverage synthesized faces to achieve a
high-accuracy racial balanced recognition model. In a nutshell, we introduce a race-controllable and identity-
innumerable face synthesis approach to generate synthetic face images, and then employ the synthesized
images to improve face recognition accuracy and mitigate recognition imbalance among different races despite
the scarcity of consenting images (less than 100 individuals). More importantly, the synthetic data enable us to
analyze the potential impacts of races on face recognition models quantitatively and facilitate the eradication
of racial imbalance in face recognition. Extensive experiments demonstrate that employing our synthetic face
data improves face recognition accuracy by a large margin while mitigating the recognition imbalance across
different race groups.
1. Introduction

Face recognition has attracted great attention in recent years due
to its wide applications in various domains, such as security, forensics
and community safety, as well as its close relationship with biological
representations and cognitive characteristics [1–3]. Benefiting from
deep convolutional neural networks, face recognition techniques have
achieved remarkable accuracy in recent years. Recent deep face recog-
nition models often require large-scale face image datasets for train-
ing [4–9], and the training face images are generally source-crowded
from the Internet without the acquisition of individuals’ permission.
The collected data not only include personal biometric information but
also have been distributed without the owners’ approval, thus leading
to severe privacy leakage and ethical concerns. Due to the increased
ethical awareness of the research community, many large-scale face
image datasets have been taken down, such as MS-Celeb-1M [10] and
MegaFace [11]. As a result, researchers can only leverage a small
number of face images, which are relatively easy to be approved for
usage, to develop face recognition models. Because of the scarcity
of training data, face recognition performance has been dramatically
limited.
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In addition, it is notorious that face recognition models perform
unequally across different races, resulting in racial discrimination is-
sues [12]. As reported in [13], the error rates of recognizing non-
Caucasians tend to be higher than identifying Caucasians for 106
face recognition models. Previous studies have investigated eliminating
recognition gaps by incorporating more under-performance race data
and designing race-aware recognition algorithms [14,15]. However,
collecting sufficient real face images of a specific race might breach
privacy policies. Although several works [16–19] have been proposed
to alleviate recognition bias by modifying the network architectures
or introducing new loss functions, they still rely on large-scale face
datasets. Furthermore, when the amount of training data is scarce, cur-
rent face recognition methods will suffer not only drastic performance
degradation but also severer recognition bias. As a consequence, race-
aware face recognition development faces the dilemma of insufficient
data and ethical issues of data collection.

Recently, DigiFace-1M [20] has been proposed to address the pri-
vacy and ethical concerns of facial images via computer graphical
rendering techniques. They train their model on the unrealistic facial
features that would generate a domain gap. Thus their model cannot
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generalize well to real-world images. In addition, some works [21–25]
exploit facial attribute transferring techniques, such as Cycle-GAN [26]
or pre-trained attribute networks, to enrich the number of under-
performance racial images. Although under-represented racial images
have been largely synthesized, the variety of identities is still limited
and thus the performance improvements seem marginal. Furthermore,
tackling racial imbalanced recognition performance in the data-scarce
scenario is even more challenging since there are not sufficient bal-
anced racial images and identities to achieve satisfactory face recogni-
tion performance. In this work, we aim to showcase how synthetic face
images can greatly improve face recognition performance and mitigate
the unbalance performance of the face recognition models on different
races when only a few consented face images are available.

To this end, we introduce a racial de-biased face recognition so-
lution in face identity scarce scenarios. Inspired by the face synthesis
works [27–35] and facial attribute analysis works [36–38], we intend
to synthesize race-specified face images with various identities and then
employ them to train racial balanced recognition models. Before learn-
ing such a race-controllable and identity-diversified synthesis network,
we will disentangle the race from the identity representation of a face
image. Since race and identity features always couple together in real
images, this entanglement would restrict the diversity of generated face
images. The generated images with limited identities might prevent the
attainment of balanced high face recognition performance.

In order to separate race and identity information from images,
we design a facial race disentanglement network (FRD). Our FRD is
composed of an encoder and a decoder. Here, we adopt the 3D mor-
phable model (3DMM) [39] to represent face images and its coefficient
is employed as the identity representation. Then, our FRD encoder is
designed to explicitly decompose an identity representation into a race
indicator and a race-irrelevant representation. Afterwards, FRD decoder
reconstructs the original face representation (i.e., 3DMM coefficients)
from the race-irrelevant latent codes and the ground-truth race. Note
that the ground-truth races can be either obtained through a pre-trained
attribute classifier [38] automatically or labeled manually, and thus
the attainment process of race information does not need the identity
information of face images.

Once we successfully decouple the race from the identity represen-
tation, we develop a race-controllable face synthesis network (RCFS)
to generate realistic face images with a specified race in various con-
ditions, such as various poses and expressions. Specifically, we firstly
leverage the decoder of FRD to produce a face representation from
a specified race and a randomly sampled race-irrelevant representa-
tion that encodes identity information. Then, our RCFS takes as input
the generated face representation and additional controllable facial
attributes, such as head poses and expressions, to generate diverse face
images. Our proposed RCFS can be utilized to synthesize images with
desired race ratios and then use them along with a limited number
of real images to train face recognition models. In this fashion, we
improve the overall recognition accuracy and significantly alleviate
racial unbalanced recognition performance on different race groups
especially in face identity data scarce scenarios.

2. Related work

2.1. Deep face recognition

Since the introduction of deep convolution neural networks, face
recognition techniques achieve remarkable accuracy in recent years.
According to training losses, the current face recognition works can be
fallen broadly into two branches.

One branch utilizes metric-learning based losses to train face recog-
nition models, including contrastive loss [40], and triplet loss [41].
However, these methods are usually inefficient for large-scale datasets.
The other branch is the usage of the margin-based loss. In contrast
to the metric-learning based losses, the margin-based softmax loss
2

achieves effective training, which enhances the intra-class compactness
and the inter-class discrepancy to learn more discriminative face rep-
resentations [42–47]. [42] propose a center loss to enhance intra-class
compactness. [43] propose SphereFace that adds an angular margin to
the origin softmax loss to achieve intra-class compactness. Furthermore,
several works exploit the angular margin-based loss for face recogni-
tion, such as CosFace [44], ArcFace [45] and CurricularFace [48]. [49]
design a face sketch recognition method that encodes the context of
facial images with discriminative information. [50] propose a new cou-
pled attribute learning to address the different modalities of faces for
heterogeneous face recognition. These methods achieve state-of-the-art
performance on various benchmarks. Unfortunately, these methods all
require large-scale face datasets for training. Once these methods meet
with limited face training data, the performance will suffer a significant
drop. There are some works [51–54] that address the synthetic face
dataset, but they do not focus on the unbalance of racial distribution.

2.2. Race-aware face recognition

Racial unbalance performance of face recognition mainly comes
from two aspects, i.e., training data, and algorithms. Thus previous
studies on this topic can be categorized into two branches [17,55–
58]. The first branch solves the problem by collecting ethnicity-aware
datasets. [56] introduce two ethnicity-aware training datasets, called
BUPT-Globalface and BUPT-Balancedface. The BUPT-Globalface dataset
is built upon the population ratio of the demographic distribution in
the world, and the BUPT-Balancedface strictly balances the number
of samples among different races. Wang et al. further construct a
Racial Faces in-the-Wild (RFW) testing database to validate the racial
recognition deviations of face recognition algorithms [55]. The second
branch mitigates unbalanced recognition performance by modifying the
network architectures and loss functions. [57] adopt an adversarial
learning paradigm and propose a de-biasing adversarial network to
learn disentangled feature representations for unbiased face recogni-
tion. Recently, [17] propose a group adaptive classifier to mitigate
recognition bias by employing adaptive convolution kernels and atten-
tion mechanisms. [58] develop a novel penalty term, a false positive
rate penalty loss, into the softmax loss function to alleviate bias and
improve the fairness performance in face recognition. However, these
methods mitigate recognition bias by leveraging large-scale datasets.
Tackling racial unbalance recognition in the data-scarce scenario still
remains a problem.

2.3. Face synthesis

Due to the great success of generative adversarial networks (GAN)
[59–68], a range of face synthesis techniques have been developed
and achieved remarkable progress. Recently, attribute-preserving face
synthesis becomes quite popular [69–73]. Specifically, [73] first disen-
tangle the identity attribute from the face image for identity-preserving
face synthesis. FaceID-GAN [71] generates identity-preserving faces by
introducing an identity classifier, which distinguishes identities of real
and synthesized faces. Recent works take a step further and manage
to control more attributes of face images, such as poses, expressions
and illuminations [69,74,75]. [69] propose to generate synthetic faces
in a disentangled manner with multiple disentangled latent spaces that
characterize different perspectives of a face image. They introduce an
imitative-contrastive learning paradigm with 3D priors for disentangled
face generation, which enables precise control of identity, pose, ex-
pression, and illumination. [29] propose StyleGAN2, which integrates
a new generator normalization method and confines the generator to
map latent codes to images in good conditioning for unconditional
image modeling. Different from the previous methods using GAN and
3D models to generate synthetic datasets, [76] propose DCface based
on the diffusion-based model. [77] propose a heterogeneous repre-
sentation method to learn plain and interpretable representation for
face recognition and face synthesis tasks. However, to the best of our
knowledge, race-controllable face synthesis is not solved by previous

works.
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Fig. 1. An overview of our proposed method. It contains a facial race disentanglement network (FRD) and a race-controllable face synthesis network (RCFS). We enforce FRD
to explicitly disentangle identity coefficients into a 4-dimensional race vector 𝑝𝑟𝑒𝑑 and a race-irrelevant vector following a normal distribution parameterized by the mean 𝝁 and
the variance 𝝈. Once race can be explicitly decoupled, we unitize the decoder of FRD to generate race-specified identities by randomly sampling, and feed them into RCFS to
produce race-specified synthesized face images. To further guarantee the correctness of the race-specified images, we employ a race discriminator as a race filter that removes
incorrect face images.
3. Identity-diversified and race-controllable face synthesis method

In this section, we introduce a facial race disentanglement network
(FRD) to decouple the race and race-relevant information, which allows
us to generate synthetic face images with free control of both races
and identities at a later stage. Next, a race-controllable face synthesis
network (RCFS) is developed to generate authentic face images with
a specified race. To increase the diversity of synthesized face images,
we further sample new identities and facial variations, such as poses,
expressions and illuminations, and then feed them to RCFS. In this
manner, our RCFS is able to synthesize diverse racial faces with various
identities and facial variations. At last, the synthesized face images will
be employed to train a racial de-biased face recognition network.

3.1. Facial race disentanglement network

Similar to previous identity-preserving face generators, we also
parameterize a face image with a 3DMM model [39]. 3DMM exploits
a 160-dimensional coefficient vector to represent an identity, known
as identity coefficients. To achieve race and identity disentanglement,
we design a facial race disentanglement network (FRD) that can dis-
entangle race information from the identity representations of face
images. As illustrated in Fig. 1, FRD is composed of an encoder and
a decoder. The encoder learns to decompose identity coefficients into
a race vector and a race-irrelevant representation, while the decoder
reconstructs the original identity representation from the decoupled
race-irrelevant representation and the ground-truth race. Race anno-
tations can be obtained from the race-categorized dataset. In other
words, the decoder enforces the encoder to disentangle the race and
race-irrelevant information from face identity representations. Here,
the ground-truth races of face images can be either obtained by a
3

pre-trained race classifier [38] or manually labeled. In practice, we
only assign race labels with high-confidence to face images, and they
are deemed to be high-quality labels. Although manually labeling race
groups is preferred, the identity information of face images will not be
released to annotators. Thus, the process of race information attainment
is ethics-aware.

To enable our method to synthesize diverse identity representations,
we construct FRD based on the theory of variational autoencoder [78].
Specifically, in the training phase, FRD encodes the identity coefficients
into two parts: a predicted race vector 𝑅𝑝𝑟𝑒𝑑 ∈ R4, and a latent race-
irrelevant vector, which follows a Gaussian distribution represented by
a mean vector 𝝁 ∈ R160 and a variance vector 𝝈 ∈ R160. Then, the
ground-truth race vector 𝑅𝑔𝑡 and a latent vector sampled from the Gaus-
sian distribution  (𝝁,𝝈) are fed into the FRD decoder to reconstruct
the original identity coefficients. In this way, FRD explicitly learns to
disentangle race from identity coefficients. The overall training loss
function for FRD is formulated as follows:

𝐹𝑅𝐷 = 𝜆𝑐𝐶𝐸 + 𝜆𝑘𝐾𝐿 + 𝜆𝑟𝑟𝑒𝑐 , (1)

where the cross entropy loss 𝐶𝐸 is employed to minimize the differ-
ence between 𝑅𝑝𝑟𝑒𝑑 and 𝑅𝑔𝑡. The mean 𝝁 and variance 𝝈 are enforced
to follow a normal distribution by a Kullback–Leibler (KL) divergence
loss 𝐾𝐿. The reconstruction loss 𝑟𝑒𝑐 is formulated as the Euclidean
distance between the reconstructed identity coefficients and its original
counterparts. These three loss functions are expressed by:

𝐶𝐸 = −
𝐶
∑

𝑖=1
𝑅𝑖
𝑔𝑡 log

exp
(

𝑅𝑖
𝑝𝑟𝑒𝑑

)

∑𝐶
𝑗=1 exp

(

𝑅𝑗
𝑝𝑟𝑒𝑑

) , (2)

𝐾𝐿 = 𝐾𝐿( (𝝁,𝝈) ∣  (𝟎, 𝐈))

= 1
160
∑

(𝜎2𝑖 + 𝜇2
𝑖 − 1 − ln 𝜎2𝑖 ),

(3)

2 𝑖=1
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Fig. 2. Face images generated by our race-controllable face synthesis network (RCFS). We can control not only the identity and race of the generated images but also their
expressions and poses.
𝑟𝑒𝑐 = ‖𝐼𝐷𝑟𝑒𝑐 − 𝐼𝐷𝑜𝑟𝑖‖2, (4)

where 𝐶 represents the number of race groups, 𝑅𝑝𝑟𝑒𝑑 is a 𝐶-dimensional
probability vector and 𝑅𝑔𝑡 is represented by one-hot category vector.
𝐼𝐷𝑜𝑟𝑖 and 𝐼𝐷𝑟𝑒𝑐 are the original and reconstructed identity coefficients.
Here, the original or ground-truth identity coefficients are obtained
from a 3D face reconstruction network [79]. For each race group, we
collect 100K face images regardless of identity information and employ
the 3D face reconstruction network to obtain the identity coefficients
of all the training images. Note that, in this process we do not need to
know the real-world identity information of the persons, but estimate
a kind of identity codes in the digital world.

Once the FRD has been trained, the encoder of FRD is discarded.
We only employ the FRD decoder to produce identity representations
by taking as input a specified race vector and a race-irrelevant vector
sampled from a normal distribution. For instance, our FRD can be
applied to the pre-trained face generator DiscoFaceGAN [27] to control
the identity and race of a generated face image without the need of
modifying its generator.

3.2. Race-controllable face synthesis network

To synthesize face images from the race-specified identity coeffi-
cients acquired from the FRD as well as other facial variations, we de-
sign a race-controllable face synthesis network (RCFS). The architecture
of our RCFS is illustrated in Fig. 1.
4

We generate face images from five different coefficients: identity
𝜶 ∈ R160, expression 𝜷 ∈ R64, pose 𝜽 ∈ R3, illumination 𝜸 ∈ R27 and
noise 𝝐 ∈ R32. The last four coefficients are together referred to as the
variation coefficients, i.e., 𝝊 ≐ [𝜷,𝜽, 𝜸, 𝝐]. The identity and variation
coefficients are concatenated together as a face representation vector
𝝀 ≐ [𝜶, 𝝊] and then it is fed into our RCFS to synthesize face images.
Here, the facial variations, including expression, pose and illumination,
as well as noise are used to improve the diversity of the synthesized
faces. In this way, the synthesized faces can resemble faces captured in
real scenarios.

Though our RCFS can directly adopt the pre-trained model of the
face generator DiscoFaceGAN, the training dataset of DiscoFaceGAN,
i.e., the FFHQ [28] dataset, exhibits a large domain gap with the
in-the-wild face recognition datasets. Therefore, to minimize the do-
main gap, we can further fine-tune our RCFS on faces captured in
the wild following the training protocols of DiscoFaceGAN. Similar to
the training process of FRD, we do not need to know the real-world
identities of the faces in training RCFS. Finally, we can generate a large
number of synthetic face images while controlling the race and identity
information. The samples of our generated face images are shown in
Fig. 2. In Fig. 2, we can synthesize numerous identities in different
races, and the synthesized faces exhibit different expressions and poses
and undergo various lighting conditions, such as shading or specular.

To further guarantee the quality of our synthesized face images
in terms of race correctness, we employ the race discriminator (in
Section 5) as a race filter. It will remove face images with different
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Fig. 3. Illustration of identity consistency verification via K-L divergence and MMD. The colored areas illustrate the distributions of sample faces. If the same identity is
used to generate face images, their feature distributions should be similar. Otherwise, their feature distributions should be dissimilar.
race labels but with the same identity coefficients. After this, we can
obtain synthetic face images from the same identity representation and
with a specified race.

3.3. Identity consistency verification

For a synthetic identity representation, we will synthesize multiple
face images of the same identity by changing the facial expression, pose
and lighting coefficients and adding noise. Furthermore, we also check
the identity consistency of the synthesized multiple images, and ensure
that they are suitable for training face recognition.

To this end, we design two verification processes. First, we calculate
the intra- and inter-identity distribution divergence of our synthesized
face images. The identity is considered consistent if the divergence of
the intra-identity distribution is less than that of the inter-identity dis-
tribution. This means the generated images from the same identity are
close enough while images from different identities lie apart. Though
this operation may remove some challenging cases, at this stage we
mainly focus on achieving synthesized faces with consistent identities.
We measure the distribution divergence by two metrics: Kullback–
Leibler (KL) divergence and Maximum Mean Discrepancy (MMD). The
definition of these two metrics are expressed as:

MMD[ , 𝑝, 𝑞] ∶= sup
𝑓∈

(

𝐄𝑝[𝑓 (𝑥)] − 𝐄𝑞[𝑓 (𝑦)]
)

, (5)

𝐷𝐾𝐿(𝑝 ∥ 𝑞) =
𝑛
∑

𝑖=1

[

𝑝
(

𝑥𝑖
)

log 𝑝
(

𝑥𝑖
)

− 𝑝
(

𝑥𝑖
)

log 𝑞
(

𝑦𝑖
)]

, (6)

where
(

𝑥1, 𝑥2,… , 𝑥𝑛
)

∼ 𝑝(𝑥) and
(

𝑦1, 𝑦2,… , 𝑦𝑛
)

∼ 𝑞(𝑦) indicate face
images sampled from an identity representation 𝑥 and 𝑦, 𝑝 and 𝑞
represent the distribution of 𝑥 and 𝑦 respectively, 𝑛 is the number of
sampled images,  represents the Hilbert Space of a mapping function
𝑓 (⋅) and 𝐄 indicates Expectation.

We randomly select 1K identities from our synthesized images. For
each identity, 20 face images are chosen to verify identity consistency.
We utilize an off-the-shelf model ArcFace34 [4] to extract features from
these face images and calculate K-L divergence and MMD. For intra-
identity divergence, we measure the K-L divergence and MMD of image
features from the same identities, while for inter-identity divergence,
we calculate the distribution divergence of features across different
identities. After the computation, we found the average distribution
divergence of inter-identity is obviously larger than that of intra-
identity, indicating our synthetic images preserve identity information.
As illustrated in Fig. 3, for the intra-identity case, the discrepancy
between the sampled feature distributions should be smaller, indicating
two faces are more likely from the same identity. On the contrary,
the discrepancy of feature distributions of different identities should
be larger.
5

Second, we build a face verification dataset with our synthetic
images similar to the LFW [80] dataset and follow the evaluation
protocols of LFW. We then test the recognition accuracy of a pre-
trained model on our synthetic data. If a pre-trained model achieves
accurate face recognition performance, we consider the identities are
consistent. Thus, we produce 3K identities and then construct 3K posi-
tive pairs and 3K negative pairs. The face verification accuracy is over
97%, demonstrating that our synthesized images successfully preserve
identity information.

3.4. Face recognition in data-scarce scenario

We notice that face recognition models exhibit low recognition
accuracy and severer racial imbalance performance in the data-scarce
scenarios. Therefore, we combine our synthetic images with the limited
real images to verify the effectiveness of our synthetic images on
improving recognition performance and mitigating racial imbalance.

As aforementioned, we construct a race-aware synthetic dataset via
our RCFS network for face recognition in real-world data-scarce scenar-
ios. In training a face recognition model, we select 𝑝 ∈ {10, 50, 100, 200}
persons/identities from each race group to simulate various degrees of
data scarcity. The widely used margin-based face recognition loss func-
tion is used to train face recognition models. The unified formulation
for margin-based objective functions is written as follows:

𝐿𝑚𝑎𝑟𝑔𝑖𝑛 = − 1
𝑁

𝑁
∑

𝑖=1
log 𝑒𝑠

(

cos
(

𝑚1𝜃𝑦𝑖+𝑚2
)

−𝑚3
)

𝑒𝑠
(

cos
(

𝑚1𝜃𝑦𝑖+𝑚2
)

−𝑚3
)

+
∑𝑛

𝑗=1,𝑗≠𝑦𝑖
𝑒𝑠 cos 𝜃𝑗

, (7)

where 𝑦𝑖 indicates the ground-truth label, 𝑚1, 𝑚2 and 𝑚3 respectively
indicate the margins of the SphereFace [9], CosFace [5], and Arc-
Face [4], 𝑁 is the number of training samples, 𝑛 indicates the number
of identities, 𝜃 represents the angle between the feature and normalized
weight, and 𝑠 is a scale factor. When a face recognition method is
employed, its corresponding margin is adopted while the other margins
are set to 0 in Eq. (7).

In order to train our face recognition models, all the face images
are cropped and aligned to 112 × 112 pixels by the state-of-the-art
face alignment method img2pose [81]. We use the ResNet-34 [82] as
our backbone. The margin 𝑚 and scale 𝑠 hyperparameters for differ-
ent recognition models are set following their original settings. The
Stochastic Gradient Descent (SGD) algorithm is used to optimize the
neural network with momentum 0.9 and weight decay 5e-4. The batch
size is set to 128. The learning rate is initialized to 0.01 and divided by
10 at the 20th, 32th, and 36th epochs. The training process terminates
at the 40th epoch.
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4. Experiments

In this section, we first introduce the settings of our experiments,
including the datasets used for training and testing, and the hyperpa-
rameters and the implementation details. Next, we demonstrate that
our synthetic data can successfully improve the face recognition accu-
racy in data-scarce scenarios. Besides, as we can arbitrarily control the
race ratio of the synthetic training data, we significantly reduce the
bias in recognition accuracy among different races in various scenarios.
Finally, to ensure our solution is applicable to different face recognition
models, we test the aforementioned two improvements on three recog-
nition models. Notice that all accuracy values reported in this section
are the average results of three random experiments since we aim to
obtain solid and reliable conclusions from the experiments.

4.1. Experimental setting

4.1.1. Implementation details
All face images are cropped and aligned to 112 × 112 pixels by

mg2pose [83]. We use the ResNet-34 [84] as our backbone. The
argin 𝑚 and scale 𝑠 hyperparameters for ArcFace are set as 𝑚=0.35

nd 𝑠=32. The Stochastic Gradient Descent (SGD) algorithm is used to
ptimize the training procedure with momentum 0.9 and weight decay
e-4. The batch size is set to 128. The learning rate starts from 0.01
nd is divided by 10 at the 20th, 32th and 36th epochs. The training
rocess is finished at the 40th epochs. We conduct all the experiments
ith the Pytorch framework [85].

.1.2. Dataset
To mimic data-scarce scenarios, we employ some relatively small

umber of real face images from the BUPT-Balancedface dataset, which
onsists of four race groups: African, Asian, Caucasian and Indian, and
ach race group contains 7000 identities with around 1.2M face images
n total. In order to build our race-aware synthetic face dataset, we
tilize our RCFS network to synthesize 2000 identities for each race
roup and generate 50 various face images for each identity.

To evaluate the face recognition models trained on our synthetic
ata, we adopt two public test datasets, i.e., LFW [80] and RFW [15],
nd a cleaned High-Quality (HQ) test dataset. The LFW is a race-
naware dataset and is only used for evaluating our method. The RFW
ataset consists of four race groups similar to the BUPT-Balancedface
ataset. Each race group contains about 10K images of 3K individuals.
ince the RFW dataset contains many low-quality face images, they are
ery challenging for face recognition. Thus, we further clean its testing
ata and provide a High-Quality (HQ) test dataset for evaluation, where
K high-quality face images are selected from 1K identities of each race
roup. The number of positive and negative pairs of HQ dataset is as
he same as the RFW dataset.

.1.3. Evaluation metric
Following the methods [14,15,80], we adopt the face verification

etric to evaluate the performance of recognition models. There are
arious formulations for face verification metrics. One face verifica-
ion protocol [86,87] is to verify whether a new input image has a
orresponding identity within a pre-defined gallery. This metric might
equire multiple images of an individuals in the gallery to improve
he robustness of evaluation, and the gallery set should contain the
ame identity as the query image. Pair matching [80] is an alternative
valuation metric of face verification. This evaluation protocol focuses
n distinguishing whether two images are from the same identity or
ot. These two images could be never seen before. In this work, we opt
o choose pair matching [80] as the evaluation metric since this metric
s not restricted by the number of identities.

Specifically, there is a probe set  and a galley set . Note that, the
dentities in  and  are different from the training set. We randomly
hoose one image from the probe set  and gallery set , respectively
6

i

Table 1
The ablation study of different margin-based loss functions The training dataset is
set as every 100 identities across different races. We report the accuracy of the RFW
dataset.

Method 𝑚1 𝑚2 𝑚3 Accuracy

cos (𝜃) 60.24
cos

(

𝑚1𝜃
)

✓ 61.07
cos

(

𝜃 + 𝑚2
)

✓ 62.14
cos (𝜃) − 𝑚3 ✓ 62.95
cos

(

𝑚1𝜃 + 𝑚2
)

− 𝑚3 ✓ ✓ ✓ 63.97

to construct a pair, and our test set consists of 54K pairs in total (i.e.,
0% matched pairs and 50% unmatched pairs). Then, we measure the
atching score of each pair from  and . The verification accuracy
𝑐𝑐(𝜏) is computed as follows:

𝑐𝑐(𝜏) =
|

{

𝑝𝑖 ∶ 𝑠𝑖𝑗 ≥ 𝜏, 𝐼𝐷(𝑔𝑗 ) = 𝐼𝐷(𝑝𝑖)
}

|

||

+
|

{

𝑝𝑖 ∶ 𝑠𝑖𝑗 < 𝜏, 𝐼𝐷(𝑔𝑗 ) ≠ 𝐼𝐷(𝑝𝑖)
}

|

||

,

(8)

where 𝑝𝑖 ∈  , 𝑔𝑗 ∈ , 𝜏 denotes a threshold that is used to determine the
similarity between 𝑝𝑖 and 𝑔𝑗 , and 𝐼𝐷 indicates the identity of a sample.
The first and second items represent the True Positive Rate (TPR) and
True Negative Rate (TNR), respectively. TPR denotes the rate that a
model predicts the matched pairs correctly. TNR represents the rate
that a model predicts the unmatched pairs correctly.

4.2. Ablation study

In this section, we conduct an ablation study of our margin-based
objective function. As shown in Table 1, we train the model on every
100 identities across different races and report the results on the
RFW dataset. This ablation study is conducted by modifying different
margin-based losses. Here we only display the inner part of the cosine
function of Eq. (7) for simplicity. cos(𝜃) does not use any margin-based
modification. In this case, it is the standard Cross-Entropy loss. When
the loss function is added 𝑚1, it is the SphereFace [9]. When the loss
function is added 𝑚2, that is the ArcFace [4]. When we involve 𝑚3,

osFace [5] would be our loss function. When we put 𝑚1, 𝑚2, and 𝑚3
ogether, that is our margin-based loss function. Obviously, we can find
hat our method shows better results than others, which demonstrates
hat our method can facilitate the model to learn a more discriminative
epresentation across different races.

.3. Analysis of recognition accuracy improvement

In this section, we quantitatively analyze the effect of our race-
ware synthetic technique on improving face recognition performance.
e construct five different real face datasets from the BUPT-Balanced-

ace dataset and seven synthetic datasets based on our race-aware
ynthetic technique. Specifically, to mimic the different data-scarce
cenarios, we randomly select 0, 10, 50, 100 and 200 identities for each
ace group from the BUPT-Balancedface dataset, forming five real face
raining datasets. Besides, we synthesize 0, 50, 100, 200, 500, 1000
nd 2000 identities for each race group, forming the seven synthetic
raining datasets with different data scale. They are designed to analyze
he effectiveness and impacts of our synthesized data. Under each
ata-scarce scenario, we add the seven synthetic datasets to train the
rcFace-34 recognition models.

We evaluate the models on all three test datasets, as shown in Fig. 4.
he horizontal axis indicates the number of synthesized identities

ncreases from 0 to 2000. We show the impacts of synthesized identities
n recognition accuracy along with different numbers of real identities.
or the HQ and RFW datasets, we calculate the average accuracy across
he four race groups as results. As the number of synthesized identities
ncreases, we observe that the face recognition performance improves
onsistently. This demonstrates the effectiveness of our synthesized face

mages on improving recognition accuracy.
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Table 2
Racial imbalance mitigation results on our HQ and RFW datasets.

training real IDs training syn IDs

Af. As. Ca. In. Af. As. Af. As. Ca. In. Mean Std

HQ

100 100 100 100 0 0 72.22 79.34 80.75 81.69 78.50 4.30
100 100 100 100 500 0 84.55 87.44 89.13 89.42 87.63 2.25 (↓ 47.67%)
100 100 100 100 1000 0 87.09 88.96 90.39 90.76 89.30 1.70 (↓ 60.47%)

0 0 400 0 0 0 70.16 78.61 82.21 81.18 78.04 5.47
0 0 400 0 500 0 82.99 86.43 90.40 88.94 87.19 3.25 (↓ 40.59%)
0 0 400 0 1000 0 85.00 87.57 91.55 90.07 88.55 2.89 (↓ 𝟒𝟕.𝟏𝟕%)

0 0 200 200 0 0 71.70 79.12 80.45 83.67 78.74 5.06
0 0 200 200 1500 500 85.78 88.73 89.38 90.38 88.57 1.98 (↓ 𝟔𝟎.𝟖𝟕%)

0 100 100 100 0 0 69.88 77.46 79.33 80.71 76.85 4.83
0 100 100 100 500 0 81.99 86.57 88.14 88.28 86.25 2.95 (↓ 38.92%)
0 100 100 100 1000 0 84.45 88.04 89.61 89.79 87.97 2.48 (↓ 𝟒𝟖.𝟔𝟓%)

RFW

100 100 100 100 0 0 58.53 64.95 66.90 65.48 63.97 3.72
100 100 100 100 500 0 64.68 68.75 72.74 71.15 69.33 3.53 (↓ 5.11%)
100 100 100 100 1000 0 66.28 70.11 73.81 71.89 70.52 3.23 (↓ 𝟏𝟑.𝟏𝟕%)

0 0 400 0 0 0 56.58 64.52 67.33 64.38 63.20 4.62
0 0 400 0 500 0 63.75 68.04 73.77 70.63 69.05 4.26 (↓ 7.79%)
0 0 400 0 1000 0 65.06 69.15 74.66 71.73 70.15 4.09 (↓ 𝟏𝟏.𝟒𝟕%)

0 0 200 200 0 0 57.43 63.37 65.53 64.17 62.63 3.58
0 0 200 200 1500 500 64.37 67.33 72.00 69.32 68.26 3.22 (↓ 𝟏𝟎.𝟎𝟔%)

0 100 100 100 0 0 57.50 64.01 66.05 64.73 63.07 3.85
0 100 100 100 500 0 63.24 68.11 71.86 70.01 68.30 3.73 (↓ 3.12%)
0 100 100 100 1000 0 64.66 69.69 73.10 71.27 69.68 3.64 (↓ 𝟓.𝟒𝟓%)

Af., As., Ca. and In. respectively indicate African, Asian, Caucasian and Indian.
Fig. 4. Face recognition accuracy on LFW, our HQ, and RFW datasets. The Synthetic IDs indicate the number of synthetic identities, which range from 0 to 2000. The real
IDs represent the number of real identities.
4.4. Racial imbalance mitigation

In this subsection, we discuss the effectiveness of our synthetic data
on mitigating the racial imbalance under the data-scarce scenarios. We
use real images to construct four different scenarios: (a) 100 identities
from each race group; (b) 400 identities only from Caucasian; (c) 200
identities from Caucasian and 200 identities from Indian; (d) 100 iden-
tities per race from Caucasian, Asian and Indian. Overall, we constrain
the total number of real people to be 400. The model trained by the
real images of each scenario exhibits a noticeable performance gap
among different races. Then, we add synthetic images to the race group
that yields the lowest recognition accuracy to mitigate the recognition
imbalance.

As shown in Table 2, we evaluate the racial imbalance mitigation
performance on HQ and RFW datasets because these two datasets
contain ground-truth race labels. Following prior works [18], we adopt
the standard deviation (std) across the four race groups to indicate
the racial imbalance. We can see that in all the four scenarios, the
accuracy of African is always lower than the other three groups. Thus
we add African synthetic face images to the real datasets in order to
mitigate the racial imbalance. In the fourth scenario, we also add 500
identities of Asian synthetic data because we do not have real data from
7

Asian group either. The results show that our synthetic face images
can reduce the racial imbalance by over 40% on the HQ dataset and
around 10% on the RFW dataset. The results demonstrate that our race-
aware synthetic data effectively mitigates the racial imbalance while
improving face recognition accuracy.

On the other hand, we can obtain different synthesizing strategies in
Table 2 to improve the face recognition performance of different races.
As we can see in scenario (b) comparing with others, if we want to
enhance the face recognition accuracy of a certain race, we should add
more real and synthetic data about that race. If we hope to improve
the overall performance across different races, we should add more real
data across different races, which is implied by scenario (a). Comparing
scenarios (b) and (c) with others, we can infer that though we do
not train the model on the specific race, the model still can achieve
good results on the unseen race, which attribute to the strong facial
representation of face recognition models.

4.5. Performance on other face recognition models

To further demonstrate the effectiveness of our technique on var-
ious face recognition models, we adopt two other face recognition
models, i.e., CosFace [5] and CurricularFace [6]. We conduct similar
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Fig. 5. The recognition accuracy results of other face recognition models, i.e., CosFace and CurricularFace. a. Three datasets were utilized to evaluate the accuracy of these
wo models across all racial groups. b. The racial imbalance mitigation results of these two models on HQ and RFW datasets. The first two columns indicate the results on the
Q dataset. The last two columns illustrate the results on the RFW dataset.
xperiments in Section 4.3 and Section 4.4 to evaluate our synthetic
ata on recognition accuracy improvement and racial imbalance miti-
ation. We also sample 100 identities from each race group as the real
ataset for the accuracy improvement experiment, and then different
cale synthetic datasets are added to judge the accuracy improvement.
he fourth scenario introduced in Section 4.4 are considered for the
acial imbalance mitigation experiment: 100 identities per race from
aucasian, Asian and Indian groups.

We also show the recognition accuracy over 3 test datasets, i.e.,
LRW, HQ, and RFW. The recognition accuracy improvements are shown
in Fig. 5a. For both of the face recognition models, i.e., CosFace and
he CurricularFace models, the performance improves consistently on
ach dataset when increasing the number of synthesized identities. In
ddition, Fig. 5b shows the experimental results of the racial imbalance
itigation for CosFace and the CurricularFace models. Similar to the

esults of ArcFace, the racial imbalance has been significantly mitigated
n the HQ and RFW datasets for these two models. According to
he results, our method exhibits promising performance in improving
ecognition accuracy and alleviating racial imbalance for different face
ecognition models.

. Further analysis

To verify our hypothesis that race information is entangled in the
dentity representation extracted by 3DMM, we randomly sample 10K
dentity coefficients from the standard normal distribution and then
enerate synthetic face images from these identity coefficients by a
re-trained face generator DiscoFaceGAN [27]. Meanwhile, we employ
pre-trained race discriminator to identify the race group of each

dentity. We found that among the 10K identities, 50% are Caucasians,
6% are Asians, 14% are Indians and 10% are Africans. We observe that
he most frequently generated race is Caucasian and the least generated
nes are African and Indian. This is mainly because DiscoFaceGAN
s trained on FFHQ [28] dataset which has the largest proportion of
aucasian face images and only a few African and Indian face images.
his indicates there is a strong bias in existing face generators. As a
esult, simply applying a face generator may not help to achieve racial
8

balanced recognition performance. Although we can apply sample faces
multiple times and then balance the race among generated faces, the
underrepresented racial images may still suffer the limited diversity,
such as identities. This phenomenon motivates us to disentangle race
from identity representations. Thus, we need control the identity and
race independently rather than sampling from the coupled race-identity
distribution.

To verify the race-specified face generation performance of our
RCFS, we randomly sample 10K identities from each race group and
evaluate the race correctness of generated face images of these identi-
ties. We adopt the same race discriminator to distinguish the race of
each identity. The result shows that our RCFS achieves 100% accuracy
on generating Caucasian and Asian, 95.8% and 93.4% on synthesizing
African and Indian, respectively. The lower accuracy on African and
Indian validates the challenges of generating images of those racial
groups. Fortunately, we can obtain enough images with new identities
and those identities cover the race groups more evenly. This attributes
to our proposed two components: (i) our facial race disentanglement
network (FRD) decouples race information from identity representa-
tions and thus enables us to choose the race of synthesized faces
in generating identity representations; (ii) Our race-controllable face
synthesis network (RCFS) effectively synthesizes face images with the
control of race and identity information while increasing the diversity
of face images by introducing facial variations, such as illumination,
expressions and poses.

To further demonstrate the effectiveness of our proposed method,
we conduct a quantitative experiment between different image gen-
eration models. Here, we introduce 4 state-of-the-art image gener-
ation models, Pix2Pix [88], Cycle-GAN [26], StyleGAN2 [29] and
DCFace [76]. Note that our proposed model synthesizes the face images
of different races by disentangling the race coefficient, while Pix2Pix,
Cycle-GAN, StyleGAN2 transfer different racial images via complexion
conversion. Fig. 6 illustrates face recognition results on the RFW
dataset by ArcFace-34 recognition model. In scenario A, we employ
100 realistic identities from each race (400 identities in total) and
then show the face recognition results as the number of synthetic
African identities increases. In scenario B, we use 200 realistic identities
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Fig. 6. Face recognition results on the RFW dataset with training face images generated by Pix2Pix, Cycle-GAN, StyleGAN2, DCFace and our method, respectively.
Scenario A denotes the results based on 100 real identities of each race and the synthetic African identities from 0 to 1000. Scenario B denotes the results based on 400 real
identities (200 Caucasians and 200 Indians) and 0/2000 synthetic identities (1500 Africans and 500 Asians).
h
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Fig. 7. The FID metric comparison of Cycle-GAN, Pix2Pix, StyleGAN2, DCFace
and our method, respectively. The lower FID means better results.

from Caucasian and Indian respectively (also 400 identities in total)
and demonstrate the face recognition results with additional 1500
synthetic African identities and 500 synthetic Asian identities. It is
obvious that when synthetic identities are employed for training, our
method achieves better recognition accuracy than that of Pix2Pix [88],
Cycle-GAN [26], StyleGAN2 [29] and DCFace [76]. Thanks to our
proposed facial race disentanglement, we can generate authentic face
images across different races and the generated faces also achieve richer
identity diversity.

In Fig. 7, we show the Fréchet inception distance (FID) [89] re-
sults on our method compared with Cycle-GAN, Pix2Pix, StyleGAN2,
DCFace. The FID [89] metric describes two distributions how different
in feature space. A large FID score means the synthetic image is more
fake. As shown in Fig. 7, We use the synthetic images of each model
to compute the FID with realistic images. Our method (red column)
obtains the lowest FID result, which means our method generates more
realistic images than other methods.

In Fig. 8, we compare our synthesized face images with those of
Pix2Pix [88], Cycle-GAN [26], StyleGAN2 [29] and DCFace [76] in
the feature space via t-SNE [90]. It can be seen that our method
synthesizes more realistic face images across different races. In addi-
tion, the visualization of t-SNE projection indicates that our method
successfully synthesizes different racial images and these images lie
closely to the distributions of real images of corresponding races.
9

Cycle-GAN transforms the Caucasian complexion into an African-like
complexion but still retains obvious Caucasian facial features. As a
result, the distribution of its synthesized images is far away from the
latent Caucasian distribution. Pix2Pix struggles to learn a mapping from
Caucasian into African as the paired images are not available. Thus, it
produces distorted and low-quality face images, which might not be
able to alleviate racial imbalance recognition performance. StyleGAN2
hardly transforms Caucasian features into African. ADFace seemingly
synthesize realistic African faces but the t-SNE results demonstrate its
generated African distribution has a large margin with the realistic one.
Therefore, this experiment implies that our method is more effective
than the complexion conversion based methods.

6. Conclusion

With the race-aware synthetic data generated by the proposed RCFS,
existing face recognition models can be trained with only a few real
face images and achieve promising recognition performance. Moreover,
we improve face recognition accuracy noticeably and mitigate racial
imbalance significantly in data-scarce scenarios with the help of our
synthesized face images. The additional synthetic data alleviate ethical
issues, such as imbalanced recognition performance against certain race
groups and usage of personal images without consent.
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Fig. 8. t-SNE visualization of real face images and synthetic face images generated by Cycle-GAN, Pix2Pix, StyleGAN2, DCFace and our method, respectively.
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