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ABSTRACT

Training face recognition models requires a large amount
of identity-labeled face images, which are often collected
by crawling the web, and therefore have ethical and privacy
concerns. Recently, generating synthetic face datasets and
training face recognition models using synthetic datasets has
emerged to be a viable solution. This paper presents BIF-
Face, a new framework to generate synthetic face recognition
datasets. We use the Brownian identity diffusion to generate
synthetic identities, and then build synthetic face recognition
datasets by generating different samples per each identity
using a foundation model. In our experiments, we use the
generated face datasets to train face recognition models and
evaluate them on several real benchmarking dataset. Our ex-
perimental results show that face recognition models trained
with BIF-Face achieve competitive performance with face
recognition models trained on state-of-the-art synthetic face
recognition datasets.

Index Terms— Face Recognition, Synthetic Dataset,
Brownian Identity Diffusion, Foundation Model

1. INTRODUCTION

The advancements in state-of-the-art face recognition mod-
els are derived apart from angular loss functions and
availability of large-scale datasets [3,4]. However, existing
large-scale face recognition datasets, such as MS-Celeb IEI],
WebFace260M [4], etc., are collected without individuals’
consent, raising ethical, legal, and privacy concerns. With
the growing debates on the privacy of using web-crawled
datasets, several of such large-scale face recognition datasets,
such as MS-Celeb [3], VGGFace2 [3]], etc., have been re-
tracted, to prevent potential legal issues. These circumstances
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Fig. 1: Sample images from our BIF-Face synthetic dataset.

have created doubts regarding the continuity of research and
development for face recognition, since the availability of
data, which is such a fundamental resource, has become
uncertain.

With the recent advancements in generative models,
generating synthetic face recognition datasets has recently
emerged as a promising alternative solution to address the le-
gal and ethical concerns with real face recognition datasets [6-
[LT]]. The generated synthetic dataset requires to have different
synthetic identities with different samples per each identity.
Bae et al. used a computer-graphic pipeline to render
different identities and synthesize different images for each
identity. In contrast, most papers in the literature used Gen-
erative Adversarial Networks (GANSs) or Diffusion Models
(DMs) to generate synthetic datasets. Qiu et al. used
DiscoFaceGAN to generate different synthetic identi-
ties and used identity mixup by exploring the latent space
of DiscoFaceGAN to increase intra-class variation. Boutros
et al. trained an identity-conditioned StyleGAN2
on the CASIA-WebFace dataset, and then generated a
synthetic face recognition dataset using the trained model.
Kolf et al. also trained an identity-conditioned Style-
GAN2 in a three-player GAN framework to integrate
the identity information into the generation process. Colbois
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Fig. 2: Block diagram of our proposed framework to generate synthetic datasets. We first generate synthetic identities using
StyleGAN and then generate different samples for each identity using a pretrained face foundation model.

et al. [|19]] used a pretrained StyleGAN2 [[16] and trained a
support vector machine (SVM) to find directions for different
variations in the face image. Then, they used StyleGAN?2 to
generate different identities and generated different samples
for each identity by exploring the intermediate latent space
of StyleGAN2. Geissbuhler ef al. [20] sampled different
identities in the latent space of pretrained StyleGAN2 [16].
Inspired by the physical motion of soft particles subjected
to stochastic Brownian forces, they modeled identities as
Brownian particles and used the dynamical equation (called
Langavien) to find different identities. Then, they solved a
similar equation in the latent space of StyleGAN2 to generate
different samples per identity (called Dispersion) and further
explored the intermediate latent space (called DisCo).

In contrast to most work which used GAN-based gen-
erator models, a few works used diffusion models. Kim et
al. [21]] trained a dual condition (style and identity condi-
tions) face generator diffusion model on CASIA-WebFace.
Then they used their trained model to generate different
identities and different styles for each identity. Boutros et
al. [22] used an identity-conditioned latent diffusion model
to generate synthetic face images. They generated different
samples by an unconditional diffusion model and then gener-
ated different samples using their conditional latent diffusion
model (called IDiff-Face Two-Stage method). Alternatively,
they uniformly sampled identity from the hypersphere and
generated different samples for each identity using their
identity-conditioned latent diffusion model (called IDiff-Face
Uniform method). Melzi et al. [23]] proposed a hybrid dataset
generation method. They used StyleGAN to generate face im-
ages with different identities and then used DreamBooth [24]]
as a diffusion-based generator, to generate different samples
for each identity.

In this paper, we propose a new hybrid framework to gen-
erate synthetic datasets using StyleGAN and a face founda-
tion model based on diffusion models. We use the Brownian
identity diffusion [20] to generate different synthetic identi-
ties using StyleGAN, by solving the dynamical equation for
randomly generated identities as soft particles. Then, we con-

sider the generated synthetic identities as reference images
and generate different samples for each identity using a face
foundation model [25]] based on Stable Diffusion [[26]. Fig E]
illustrates sample images of our synthetic dataset. In our
experiments, we generate several synthetic face recognition
datasets and train face recognition models with our generated
datasets. We evaluate the trained face recognition models on
several real benchmarking datasets. Our experimental results
show that the face recognition models trained on our synthetic
datasets achieve competitive results with models trained on
state-of-the-art synthetic datasets.

The remainder of this paper is organized as follows. In
Section 2, we describe our framework to generate synthetic
datasets using Brownian identity diffusion and a face founda-
tion model. In Section [3|we provide our experimental results
and evaluate our synthetic datasets. Finally, we conclude the
paper in Section

2. PROPOSED FRAMEWORK

In the first step in our hybrid framework for generating syn-
thetic datasets, we use StyleGAN [16] to generate differ-
ent synthetic identities using the Brownian identity diffu-
sion [20]. Then, we generate different sample images for
each identity using a face foundation model [25]. In the
following sections, we describe each step separately. Fig. 2]
illustrates the general block diagram of our framework.

2.1. Synthesizing Identities

To generate synthetic identities, we use StyleGAN [16] and
explore its latent space using the Langevin algorithm [20].
The Langevin algorithm starts with random sampling from
StyleGAN latent space and considers different identities as
soft particles in a solvent that have stochastic Brownian
forces. By modeling the Brownian forces between particles
with spring force and iteratively solving the dynamical equa-
tion for the Brownian particle, the Langevin algorithm can
find different synthetic identities. The generated images by
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