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Abstract— Recent advances in generative modeling have
enabled the generation of high-quality synthetic data that is
applicable in a variety of domains, including face recognition.
Here, state-of-the-art generative models typically rely on condi-
tioning and fine-tuning of powerful pretrained diffusion models
to facilitate the synthesis of realistic images of a desired identity.
Yet, these models often do not consider the identity of subjects
during training, leading to poor consistency between generated
and intended identities. In contrast, methods that employ
identity-based training objectives tend to overfit on various
aspects of the identity, and in turn, lower the diversity of images
that can be generated. To address these issues, we present in
this paper a novel generative diffusion-based framework, called
ID-Booth. ID-Booth consists of a denoising network responsible
for data generation, a variational auto-encoder for mapping
images to and from a lower-dimensional latent space and a text
encoder that allows for prompt-based control over the genera-
tion procedure. The framework utilizes a novel triplet identity
training objective and enables identity-consistent image gener-
ation while retaining the synthesis capabilities of pretrained
diffusion models. Experiments with a state-of-the-art latent
diffusion model and diverse prompts reveal that our method
facilitates better intra-identity consistency and inter-identity
separability than competing methods, while achieving higher
image diversity. In turn, the produced data allows for effective
augmentation of small-scale datasets and training of better-
performing recognition models in a privacy-preserving manner.
The source code for the ID-Booth framework is publicly
available at https://github.com/dariant/ID-Booth.

I. INTRODUCTION

Deep learning models are nowadays utilized as backbones
in a variety of recognition systems [1]. These models typ-
ically require sufficiently diverse and large-enough train-
ing datasets to achieve competitive performance. However,
obtaining suitable datasets can be difficult in the field of
biometrics, due to copyright, consent and privacy issues [22],
[29]. Given the recent advancements in generative models,
researchers are increasingly exploring the use of synthetic
data to address the data needs of contemporary deep learning
models. This is especially true in the area of face recognition,
where synthetic data may be used to train face recognition
models, augment existing datasets and enrich the variations
present in real-world datasets [6].

State-of-the-art generative models are currently dominated
by diffusion-based techniques, which offer unparalleled syn-
thesis capabilities in terms of quality and diversity of the
generated data, while enabling synthesis guided by text
prompts [40]. Recently, diffusion models have also been
utilized to produce datasets suitable for face recognition
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Fig. 1. Samples generated with the proposed ID-Booth framework. The
framework enables fine-tuning of pretrained diffusion models for generating
diverse identity-consistent images based on images gathered in a constrained
setting with the consent of subjects.

tasks, i.e., containing images of multiple identities with mul-
tiple samples each. To this end, approaches rely on identity-
conditioning [34], [51], [52] and fine-tuning [42], [35] of
pretrained diffusion models. Nevertheless, most solutions fo-
cus mainly on image reconstruction during training, resulting
in poor consistency between the desired identities and the
generated ones. To address this issue, PortraitBooth [35]
recently extended the fine-tuning DreamBooth [42] method
with an identity-based training objective. However, the pro-
posed solution only considers the identity similarity of input
samples and the generated samples during training. In turn, it
tends to overfit on input identity features, including undesired
characteristics, e.g., the pose, age, hair, accessories, thus
lowering the diversity of generated images.

In this paper, we present a solution for the outlined issues,
in the form of a new generative framework, called ID-Booth.
The proposed framework entails three main components, in-
cluding (i) a denoising network that produces data based on
input noise, (ii) a Variational Auto-Encoder (VAE) that maps
images to and from a more efficient latent space on which
the denoising network operates, and (iii) a text encoder
that enables prompt-based conditioning of the denoising
network. The proposed framework utilizes a novel triplet
identity objective, which considers both positive and negative
identity samples during training, to facilitate the generation
of identity-consistent images while retaining the synthesis
capabilities of pretrained models. Throughout the experi-
ments, we explore the suitability of ID-Booth for addressing
privacy concerns by generating diverse synthetic in-the-wild
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images of identities from the Tufts Face Database [33],
which contains images gathered in a constrained setting
with the consent of subjects, as shown in Figure 1. We
perform fine-tuning of a state-of-the-art diffusion model con-
ditioned on diverse prompts and compare synthesis results
with DreamBooth [42] and PortraitBooth [35] in terms of
image quality, fidelity and diversity as well as intra-identity
consistency and inter-identity separability. Furthermore, we
investigate the real-world utility of the produced synthetic
samples for augmenting existing datasets to train modern
face recognition models in a privacy-preserving manner.
We demonstrate that our fine-tuning framework enables the
generation of more diverse synthetic samples with better
intra-identity consistency and inter-identity separability. As
showcased by improved recognition performance, across five
real-world verification benchmarks, this makes our approach
more suitable for augmenting small-scale training datasets
than DreamBooth [42] or PortraitBooth [35]. Overall, the
paper makes the following contributions:
� We introduce ID-Booth, a novel framework for

generating highly-diverse identity-consistent privacy-
preserving face images.

� We propose a novel triplet identity learning objective
for fine-tuning that improves identity consistency while
retaining better image diversity.

� We demonstrate the suitability of the produced data
for augmenting existing small-scale datasets and show
that training with the mixed images leads to better
performing face recognition models.

II. RELATED WORK

Image generation. The field of image synthesis has under-
gone rapid development since the introduction of deep gener-
ative models. Generative Adversarial Networks (GANs) [13]
were the initial models to achieve the synthesis of convincing
images, with a generator and a discriminator network. Exten-
sive improvements followed, namely StyleGAN [24] facili-
tated higher image quality and better control over the gener-
ation process. However, the synthesis capabilities of GANs
have nowadays been surpassed by recent diffusion mod-
els [11], which generate images by gradually removing noise
from initial noisy samples. This denoising process is learned
with a convolutional encoder-decoder by predicting the noise
that is added to training samples at different scales [18].
Recently, Latent Diffusion Models (LDMs) [40] achieved
improved efficiency and efficacy by moving the denoising
process from the pixel space to a lower-dimensionality
latent space of a pretrained variational autoencoder. Their
remarkable synthesis capabilities and conditioning on text
prompts via a pretrained text encoder have led to their
broad adoption, namely of the open-source Stable Diffusion
(SD) model [40]. Image resolution of these models has
been further improved by utilizing a larger U-Net backbone
along with two text encoders and additional conditioning
schemes [36]. Recent approaches have also enhanced control
over the generation process, e.g., ControlNet [54] conditions
the model on segmentation masks or depth maps via an

auxiliary trainable copy of the model, while IP-Adapter [52]
utilizes image features as a condition through a decoupled
cross-attention mechanism. Fine-tuning approaches have also
been developed to incorporate new concepts into pretrained
diffusion models by training on a minimal set of images [42].

Generating synthetic face recognition data. Generative
models and synthetic data hold considerable potential in face
recognition by enabling the creation of large-scale (training
and test) datasets with predefined characteristics, facilitating
augmentation in data-scarce application scenarios, and bal-
ancing data across different demographics [6]. To enable con-
trol over various characteristics of generated faces, Deng et
al. [10] conditioned StyleGAN [24] on input 3D face priors.
However, recognition models trained on the generated data
achieved worse performance than those trained on real-world
data. To tackle this issue, Qiu et al. [38] introduced identity
and domain mixup of synthetic and real data during training.
Boutros et al. [5] proposed to condition StyleGAN2 [23] on
one-hot encoded identity labels. This improved intra-identity
diversity at the cost of lowered inter-identity separability
and a limited amount of possible identities. To address this,
Tomašević et al. [48] instead utilized identity features from
a pretrained face recognition model as the condition, in
addition to enabling the generation of multispectral data.

Recently, Boutros et al. [4] achieved the generation of
identity-specific images with latent diffusion models by con-
ditioning the denoising network on face recognition features.
The proposed contextual partial dropout also prevented over-
fitting on identities and enabled control over inter-identity
separability and intra-identity diversity. Differently, more
recent approaches relied on pretrained diffusion models [40]
rather than training the models from scratch. Ruiz et al. [42]
presented the DreamBooth method that can associate a new
identity to a rare text token through fine-tuning on images of
the identity. During training, face images generated by the
pretrained model are also used to preserve prior synthesis
capabilities. Arc2Face [34] instead replaces the identity token
with recognition features and fine-tunes the model on a large-
scale dataset. The textual-part of the prompt is frozen, so that
control is tied primarily to the identity features, thus enabling
more consistent generation of input identities. However,
this comes at the cost of losing powerful prompt-based
control. The recent IP-Adapter [52] has also been modified
to use identity features as the condition, while retaining
control of text prompts through decoupled cross-attention.
InstantID [51] extends these capabilities by incorporating
spatial control with an auxiliary ControlNet-based [54] mod-
ule conditioned on facial landmarks and features. Despite
advancements, identity consistency remained problematic, as
the identity aspect was not considered in training objectives.
To address this, Peng et al. [35] introduced PortraitBooth,
which incorporates an identity-based objective into the fine-
tuning of DreamBooth [42]. However, the solution only relies
on the identity similarity of training images and generated
noisy images, despite the success of more refined objectives
on face recognition tasks [49]. As a result, the approach can



over�t even on undesired characteristics of training identities,
e.g., their pose, age or face accessories, which lowers the
diversity of produced images. In contrast, our proposed ID-
Booth framework utilizes a triplet objective that relies on
the identity similarity between generated images and both
training images (i.e., positive samples) and prior images
produced by the initial model (i.e., negative samples). This
enables better identity consistency, while better retaining
synthesis capabilities of pretrained latent diffusion models.

III. M ETHODOLOGY

In this section we present the inner-workings and the main
components of the novel ID-Booth framework that enables
the generation of diverse high-�delity identity-consistent
facial images suitable for augmenting existing small-scale
datasets captured with the consent of subjects.

A. The ID-Booth framework

The proposed diffusion-based ID-Booth framework con-
sists of three primary components, as depicted in Figure 2.
This includes(i ) the denoising network, responsible for en-
abling data generation through diffusion,(ii ) the Variational
Auto-Encoder (VAE) that is used to map images to and
from a more ef�cient latent space, and(iii ) the text en-
coder, which enables prompt-based control of the generation
process. Fine-tuning of pretrained diffusion models is then
achieved with three training objectives,(i ) the conventional
reconstruction loss on a small set of input samples,(ii )
the prior preservation loss, focused on combating over�tting
through the reconstruction of images generated by the model
before training, and(iii ) the triplet identity loss, which
utilizes a pretrained face recognition model to guide the dif-
fusion model toward better similarity of generated identities
and desired identities in input samples rather than random
identities in prior images. Details of each component and
objective are provided below.
Denoising network. At the core of the diffusion model lies
the denoising network, which is trained to reverse a noising
process that gradually degrades training images by adding
noise at different scales. This entails the corruption of a real
data samplex0 � p(x0) into its noised versionsx1; :::; xT

through a Markov chain of lengthT, as follows:

x t = N (
p

� t x t � 1; 1 � � t ); 8t 2 1; :::; T ; (1)

where� 1; :::; � T represent a �xed variance schedule. How-
ever, any step of the noised sample can also be ef�ciently
produced directly from the inputx0 [18] as:

x t =
p

�� t x0; (1 � �� t )�; (2)

with �� t :=
Q t

s=0 � s, which enables uniform sampling of
t. Through training, the denoising network (i.e., typically a
U-Net network [41]), learns to estimate the real data dis-
tribution from a noise-�lled standard Gaussian distribution.
This entails gradually denoising a noisy imagexT � N (0; I )
to less noisy samplesx t until a denoised data samplex0 is
reached. To this end, the denoising network� � (x t ; t) predicts
the noise� that is added at stept with Equation (2).

Variational Auto-Encoder (VAE). To greatly improve ef-
�ciency, the noising and denoising processes are carried
out in the latent space of a pretrained Variational Auto-
Encoder (VAE) instead of the pixel space [40]. This is
achieved by �rst mapping the input samplex0 to the latent
input z0 through the encoder modelE of the VAE. Noising
with Equation (2) is then performed to obtain noised samples
zt on which the denoising network� � is trained. During in-
ference, synthetic images can then be generated by randomly
sampling a noisy samplezT in the latent space, denoising it
with the predictor� � , and then mapping the denoised sample
z0 back to the pixel space with the VAE decoderD.
Text encoder.To enable control over the generation process,
the denoising network is also conditioned on input text
prompts [18]. The text prompt is �rst tokenized and mapped
to corresponding token embeddings, which are then en-
coded through a pretrained CLIP text encoder [39]. Encoded
prompts c are then passed as conditions to the denoising
network through the cross-attention mechanism [7].

B. Training objectives of ID-Booth

Pretrained diffusion models provide unparalleled text-
guided synthesis capabilities, owing to training on various
datasets of unprecedented scale [40]. However, their knowl-
edge of very speci�c concepts and styles remains limited.
This is also true for their ability to create images of a desired
identity as prompting for a speci�c non-celebrity identity can
be dif�cult or even impossible.

To facilitate the generation of identity-speci�c images,
we propose to �ne-tune a pretrained diffusion model on
a small set of input images of a desired identity. Our
proposed ID-Booth framework utilizes three separate training
objective, to improve identity consistency while retaining the
synthesis capabilities of pretrained models. This includes the
reconstruction lossL REC , the prior preservation lossL P R

and a triplet-identity lossL T ID , which are combined as
follows to form the overall objective:

L T otal = L REC + � P R L P R + � T ID L T ID ; (3)

as illustrated in Figure 2. Here, the balancing weight� P R

is set to1:0, while � T ID is de�ned as1 � t
T 2 to gradually

reduce the identity in�uence at higher timesteps as image
blurriness increases. Detailed descriptions of the three train-
ing objectives are provided below.

To further retain the capabilities of pretrained models,
while still enabling �ne-tuning on new identities, our ID-
Booth framework also relies on the use of the Low-Rank
Adaptation method (LoRA) [19]. Thus, instead of �ne-
tuning the entire diffusion model, all existing weights remain
frozen while new low-rank trainable layers are introduced
in the denoising network. This allows for better retention
of synthesis capabilities, while enabling faster training and
more ef�cient storage of �ne-tuned model weights.
Reconstruction loss.The �rst training objective of our ID-
Booth framework is aimed at image reconstruction and is
based on the reweighted optimization objective convention-
ally used for training diffusion models [18]. Since denoising



Fig. 2. Overview of the ID-Booth framework. The framework utilizes three training objectives to �ne-tune a pretrained diffusion model.L REC and
L P R are aimed at the reconstruction of training and prior images. Differently, the proposed triplet identity objectiveL T ID focuses on the identity similarity
between generated samples and both training and prior samples to improve identity consistency without impacting the capabilities of the pretrained model.

is performed in the latent space of a pretrained VAE, the loss
is based on the noise� that is added to samplez0 at timestep
t and the noise that is estimated by the denoising network
� � considering the noisy latent samplezt , the timestept, and
the text prompt conditionc. Formally, this reconstruction loss
L REC can be de�ned as follows:

L REC = Ez�E (x ) ;� �N (0 ;1) ;t;c
�
k� � � � (zt ; t; c)k2

2

�
: (4)

Prior preservation loss. Fine-tuning a diffusion model on
a small set of images with only the reconstruction objective
L REC often leads to over�tting on input data and the loss
of prior knowledge, e.g., the concept of what a person
is. To address this, our ID-Booth framework utilizes an
additional training objective aimed at the preservation of
prior concepts [42]. To this end, a set of prior imagesxpr; 0

are generated by the initial pretrained model prior to training,
with prompts related to the novel concept to be introduced.
Following the initial reconstruction objective, these prior
samples are used to form the prior preservation lossL P R

following the DreamBooth approach [42]:

L P R = Ezpr ;cpr ;� 0;t 0

�
� pr � � � (zpr;t 0; t0; cpr )k2

2

�
; (5)

where thepr notation represents factors related to prior
images generated with the initial model.

Triplet identity loss. Despite the suitability ofL REC and
L P R for �ne-tuning, both objectives are focused solely on
image reconstruction and do not target the consistency of
generated identities. This is the case for both consistency
with desired input identities and consistency among gener-
ated samples. To address this, we propose to incorporate the
identity aspect into the training process through the similarity
of identity features extracted from images with a pretrained
face recognition model. However, to enable the inspection
of generated identities during training, suitable face images
must be produced at each training step. To this end, we use
the predicted noise� � (zt ; t; c) and the latent noisy samplezt

to estimate the denoised latentẑ0 as:

ẑ0 =
zt �

p
1 � �� t � �p
�� t

: (6)

Afterward, we can decode the estimated denoised latentẑ0 to
the estimated input image witĥx0 = D(ẑ0). Next, we extract
the facial region with a face detection model for both the

estimated and the input training image, denoted asx̂ f
0 andx f

0
respectively. If the facial region exist, we obtain the identity
feature representations of each image with a pretrained face
recognition model' .

To guide the generative model toward better identity
consistency, we propose to form a triplet identity objective.
The objective utilizes identity features of the reconstructed
samplex̂0 as the anchor, the input imagex0 as a positive
example of an identity and prior imagesxpr; 0 as a negative
example. Formally, our proposed triplet identity objective
L T ID can be de�ned using cosine similaritycos as follows:

L T ID = max f cos( ' (x f
0 ) ;' ( x̂ f

0 )) � cos( ' (x f
pr; 0 ) ;' ( x̂ f

0 ))+ m; 0g; (7)

where the notations introduced before apply. In addition,m
represents a non-negative margin, i.e., the minimum differ-
ence between positive and negative similarities that is re-
quired for the loss to be zero. The proposed triplet-objectives
also addresses the risk of over�tting on unintentional char-
acteristics of training samples, e.g., the pose, age, hair or
accessories, which might leak into the identity embeddings.
This is achieved through negative identity examples, which
often share similar characteristics with positive examples.

IV. EXPERIMENTS AND RESULTS

Dataset preparation. To �ne-tune ID-Booth, we utilize the
Tufts Face Database (TFD) [33], which contains images
captured in a constrained laboratory setting with the consent
of subjects. In total, the dataset includes over10; 000 images
of 113 human subjects captured across various light spectra.
We focus on images captured with four visible �eld cameras
under constant diffused light in a semi-circle around the
subjects. During preprocessing, we remove heavily blurred
images and extreme side-pro�le images lacking key facial
features (e.g., two eyes), then crop them to focus on the face
region, resulting in2299 images of107 subjects. Next, we
use eye landmarks, detected with the Multi-Task Cascaded
Convolutional Neural Network (MTCNN) [53] to align the
faces through an af�ne transform, and then resize the images
to 512� 512. For evaluation we rely on the Flickr Faces High-
Quality (FFHQ) [24] dataset of70; 000 diverse in-the-wild
unlabeled face images, which we also resize to512� 512.

Implementation details. We evaluate the suitability of our
framework on the state-of-the-art diffusion model Stable



Diffusion 2.1 (SD-2.1) [40], which is capable of gener-
ating high-quality and diverse images at a resolution of
512� 512through1000denoising timesteps, speci�ed by the
discrete denoising scheduler with� end = 0 :012, betastart =
8:5 � 10� 4 [18]. We �ne-tune the SD-2.1 model on images
of each identity in the Tufts Face Database (TFD) [33].
To this end, we utilize the training objectives speci�ed
by either DreamBooth [42], focused primarily on image
reconstruction, PortraitBooth [42], which includes a simple
two-point identity objective, or by our proposed ID-Booth
framework, that balances identity consistency and image
diversity throughL T otal . The identity objectives are based
on features of a ResNet-100 face recognition model trained
with the ArcFace loss [9] from face regions of noisy samples
detected with MTCNN [53]. The detection of faces also acts
as the decision factor for when identity-based training ob-
jectives are applied. To minimize the effect on the synthesis
capabilities of the pretrained model, we utilize the Low-
Rank Adaptation (LoRA) [19] method, which freezes the
diffusion model but introduces new trainable layers instead.
Speci�cally, we add two linear layers of rank4 to each
cross-attention block, initialized with a Gaussian distribution.
We also generate200 images with the initial SD-2.1 model
and the promptphoto of a person , which are used
for preservation of prior concepts throughL P R [42]. We
then perform �ne-tuning with images of a desired identity
and the promptphoto of [ID] person , where[ID]
represents a rare text token that will be tied to the new
identity, in our casesks , following existing works [42].
We utilize an initial learning rate of10� 4 and the AdamW
optimizer [27] with � 1 = 0 :9, � 2 = 0 :999, � = 10 � 8 and a
weight decay of0:01, along with the half-precision �oating
point format to lower VRAM usage. The �ne-tuning process
is stopped after32 epoch (i.e.,6400 steps), based on our
initial observations and existing works [42], [35].
Data generation. Each �ne-tuned SD model is used to
generate two synthetic datasets, one with21 images per
identity, as is the case in TFD [33], and one with100
images per identity to investigate the scalability of our
approach. Data generation is performed with a guidance
scale of5:0 and30 inference denoising steps with the same
discrete denoising scheduler as during training. The goal is
to generate diverse synthetic images of desired identities
under various scenarios. To produce images that resemble
real-world in-the-wild datasets [24], we utilize a prompt that
de�nes a face image of a speci�c identity as well as the
environment the image is taken:
f a c e [ P ] photo o f [G] [ ID ] person , [B] background

Here[ID] represents the identity token, while[G] de�nes
the gender of the person, i.e.,female or male . To generate
diverse images we also select the environment through[B] ,
which we randomly sample from the following list:
f o r e s t , c i t y s t r e e t , bus , o f f i c e , f a c t o r y , beach ,
l a b o r a t o r y , c o n s t r u c t i o n s i t e , h o s p i t a l , n i g h t c l ub

To also produce a variety of poses we randomly select
whether the image should be a portrait or a side-portrait,

represented by[P] . In addition, we rely on a negative
prompt to ensure the synthesis of more realistic images:

ca r toon , render , i l l u s t r a t i o n , p a i n t i n g , drawing ,
b l ack and whi te , bad body p r o p o r t i o n s , l a n d s c a p e

An ablation study of the main prompt components is avail-
able in the supplementary material.

Evaluation methodology. We evaluate the suitability of
the proposed ID-Booth framework by comparing its syn-
thesis capabilities to those of DreamBooth [42] and Por-
traitBooth [35]. Other diffusion-based frameworks that pro-
duce identity-speci�c images, e.g., Arc2Face [34] and In-
stantID [51], are not considered as they are trained on
large-scale web-scraped face recognition datasets, without
the consent of subjects. Meanwhile, our experiments entail
�ne-tuning on a limited amount of images from TFD [33]
gathered with suitable consent. To evaluate the produced
images, we compare them to the diverse real-world images
of FFHQ [24]. Here, we consider either entire images or
only the face regions of a resolution112� 112, which are
aligned and cropped based on face landmarks detected by
MTCNN [53]. The quality of images is then determined with
the use of Fŕechet Distance [17] and Kernel Distance [2],
measured on features extracted with the pretrained DINOv2-
ViT-L/14 model [32] rather than the typical Inception-v3 [47]
model, which has been shown to be unsuitable, due to poor
correlation with human evaluators [46] and the limitations
of the ImageNet dataset [8]. We also evaluate the �delity
and diversity of images separately, with the use of Density
and Coverage [31], measured on features of DINOv2-ViT-
L/14 [32]. To compute these scores we utilize the generated
datasets with100 samples per identity and compare them to
10:000samples from FFHQ [24]. In addition, we analyze the
intra-identity diversity of samples with the Vendi score [12]
computed on the extracted features, which differently from
previous measures does not require a reference dataset.
Similarly, we rely on the Certainty Ratio Face Image Quality
Assessment (CR-FIQA) [3] to evaluate the quality of each
face image through relative classi�ability with a pretrained
ResNet-101 [15]. We also analyze intra-identity diversity by
evaluating the pitch, yaw and roll of faces in the images with
the 6DRepNet [16] head pose estimator.

Recognition experiment details. As part of our exper-
iments, we also investigate intra-identity consistency and
inter-identity separability based on genuine and imposter
distributions. These are formed using the cosine similarity
of identity features of synthetic samples and either samples
of the corresponding identity (genuine pair) or a different
identity (imposter pair), from either TFD [33] or the syn-
thetic dataset. The identity features are extracted with a
Resnet-101 [15] recognition model trained with the ArcFace
loss [9] on the MSV1MV3 dataset [14] from face regions
of the images detected with MTCNN [53]. To allow for
a fair comparison with samples of TFD [33], we form the
distributions with synthetic datasets that also consist of21
samples per identity. For each dataset combination, we form
all possible genuine pairs along with an equal amount of



TABLE I

QUANTITATIVE EVALUATION OF QUALITY , FIDELITY AND DIVERSITY OF SYNTHETIC IMAGES . QUALITY IS ASSESSED WITHFRÉCHET

DISTANCE [17] AND KERNEL DISTANCE [2], WHILE FIDELITY AND DIVERSITY ARE MEASURED THROUGH DENSITY AND COVERAGE [31]. RESULTS

ARE COMPUTED BY COMPARING DISTRIBUTIONS OF FEATURES EXTRACTED WITHDINOV2-VIT-L/14 [32] FROM SYNTHETIC IMAGES AND

REAL-WORLD IMAGES OFFFHQ [24],CONSIDERING EITHER ENTIRE IMAGES OR ONLY THE FACE REGION. VENDI SCORE[12] IS USED TO EVALUATE

INTRA-IDENTITY DIVERSITY, WHILE CR-FIQA [3] MEASURES FACE IMAGE QUALITY OF EACH SAMPLE, WITHOUT A REFERENCE DATASET.

Fr échet Distance# Kernel Distance # Density " Coverage" Vendi score per ID " CR-FIQA
Data from Method Entire Face Entire Face Entire Face Entire Face Entire Face Face region

TFD [33] Real data 2035:615 1679:317 7:056 5:779 0:195 0:623 0:043 0:120 2:536 3:132 2:131 � 0:094
FFHQ [24] Real data 38:703 33:799 0:001 0:001 1:028 1:007 0:972 0:970 � � 2:090 � 0:134

SD-2.1

No �ne-tuning 1123:226 1075:064 2:201 2:881 0:422 0:413 0:137 0:204 � � 2:080 � 0:238

DreamBooth [42] 1374:696 1371:129 4:134 4:484 0:698 0 :575 0:128 0:131 7:264 6:705 2:187 � 0:134
PortraitBooth [35] 1182:511 1202:684 3:000 3:568 0:575 0:510 0:149 0:154 12:192 9:614 2:149 � 0:173
ID-Booth (ours) 1144 :651 1159 :537 2 :778 3 :346 0:536 0:502 0:157 0 :166 13 :510 10 :430 2:143 � 0:181

(# / " ) – Lower / Higher is better; (Bold) – Best result; (Underline) – Second best result

TABLE II

EVALUATION OF DIVERSITY THROUGH POSE ESTIMATION . REPORTED

ARE THE MEAN AND STANDARD DEVIATION OF STANDARD DEVIATION

VALUES OF PITCH, YAW AND ROLL MEASURED ACROSS SAMPLES OF

EACH IDENTITY WITH THE 6DREPNET [16] HEAD POSE ESTIMATOR.

Pose estimation
Data from Method Pitch (� per ID) Yaw (� per ID) Roll ( � per ID)

TFD [33] Real data 2:015 � 0:718 26:297 � 4:609 2:285 � 1:114

SD-2.1

No �ne-tuning 7:486 � 1:487 24:909 � 2:596 4:835 � 1:656

DreamBooth [42] 4:681 � 1:232 26:118 � 5:261 3:248 � 1:449
PortraitBooth [35] 6:249 � 2:423 33:159 � 6:735 5:241 � 2:563
ID-Booth (ours) 6:641 � 2:662 33 :527 � 7:569 5 :637 � 2:920

(# / " ) – Lower / Higher is better; (Bold) – Best result; (Underline) – Second best result

randomly sampled imposter pairs. We report the mean and
standard deviation of distributions along with established
metrics, including Equal Error Rate (EER), False Match Rate
at a False Non-Match Rate of1:0% (FMR100) or 0:01%
(FMR1000), False Non-Match Rate at a False Match Rate
of 1:0% (FNMR100) or0:01%(FNMR1000), and the Fisher
Discriminant Ratio (FDR) [21]. Lastly, we use the produced
data to augment the TFD [33] dataset, which is then used to
train a ResNet-50 [15] recognition model with the AdaFace
loss [25]. For training we utilize a batch size of128 and
the Stochastic Gradient Descent (SGD) optimizer with0:9
momentum, a weight decay of5� 10� 4, and a dropout ratio
of 0:4. The learning rate is initially set to0:1 and is lowered
by a factor of 10 after the 22nd, the 30th, and the 35th
epoch. Training is stopped once no improvement in5 epochs
is observed on the LFW [20] benchmark. The performance
of the trained model is then evaluated on �ve state-of-the-
art veri�cation benchmarks, including Labeled Faces in the
Wild (LFW) [20], its Cross-Age and Cross-Pose subsets CA-
LFW [56] and CP-LFW [55], Celebrities in Frontal-Pro�le
in the Wild (CFP-FP) [44] and AgeDB-30 [30].
Experimental hardware. The experiments were conducted
on a cluster of4 Nvidia A100 SXM4 40GB GPUs as well as
a Desktop PC with an AMD Ryzen 7 7800X3D CPU with
128 GB of RAM and an Nvidia RTX4090GPU.

A. Evaluation of generated images

Image quality. We begin our evaluation by assessing the
overall quality of images, produced by either the proposed
ID-Booth framework, or its two main competitors, Dream-

Fig. 3. Comparison of generated image samples.ID-Booth facilitates
better identity consistency than DreamBooth [42] and better image diversity
than PortraitBooth [35], which limits the variety of facial features and poses.

Booth [42] and PortraitBooth [35]. To this end, utilize the
Fréchet Distance [17] and Kernel Distance [2] computed
between synthetic features and features of the real-world
FFHQ [24] dataset extracted with DINOv2-ViT-L/14 [32].
From results reported in Table I and samples in Figures 1
and 3, we can discern that with the SD-2.1 model and
our de�ned prompts we can generate images that better
match the quality of in-the-wild FFHQ [24] images than the
real-world images of TFD [33], which were gathered in a
constrained environment. Comparing results of the different
�ne-tuning methods, we see that our ID-Booth framework
achieves the best quality results, scoring closest to the non
�ne-tuned model, while enabling identity-speci�c generation.
This is the case both when evaluating entire images or
only their face regions. Interestingly, both approaches with
identity-based training objectives (i.e., PortraitBooth [35] and
ID-Booth) also generate images of a better quality than
DreamBooth [42]. In addition, we evaluate the quality of
each face region with CR-FIQA [3]. Here, however, high
face quality is not necessarily as desired as having a mix
of high and low quality images, which can lead to better
performing recognition models. This difference can also be
observed on real-world datasets, where in-the-wild images
of FFHQ [24] achieve a lower mean but higher standard
deviation than constrained images of TFD [33]. Similarly,
compared to DreamBooth [42] and PortraitBooth [35], our



ID-Booth framework achieves a higher standard deviation
but lower mean of CR-FIQA [3] scores, that are closer to
those of diverse samples of the non �ne-tuned models.
Image �delity and diversity. Next, we analyze the produced
images in terms of �delity, i.e., the degree to which they
resemble real samples, and diversity, i.e., how well they
cover the variability of real samples [43]. To this end, we
rely on Density and Coverage [31], respectively, reported
in Table I, in addition to qualitative samples in Figures 3
and 4. Comparing different datasets with FFHQ [24], we
can observe that images of TFD [33] lack the �delity and
diversity expected of in-the-wild images. Synthetic samples
produced by the non-�netuned SD-2.1 model with diverse
prompts offer a notable improvement in these areas. In
comparison, �ne-tuning approaches achieve a higher �delity
of entire images and face regions, but crucially also result
in lower diversity of face regions. Among the approaches,
DreamBooth [42] scores the highest in terms of density (i.e.,
�delity), while our ID-Booth achieves the highest coverage
(i.e., diversity) on both entire images and detected face
regions. This can also be observed in Figures 3 and 4,
where ID-Booth generates images that offer more consistent
identities, while allowing for a larger variety of poses, ages,
accessories and other facial features, unlike DreamBooth [42]
or PortraitBooth [35].
Intra-identity diversity. To further investigate the produced
images, we also analyze the intra-diversity of samples with
the per-class Vendi score [12]. As reported in Table I,
synthetic images generated by all �ne-tuning methods offer
more intra-identity diversity than the constrained samples of
TFD [33]. Our ID-Booth achieves the largest intra-identity
diversity among the �ne-tuning approaches, both of entire
images and only face regions, while ensuring better identity
consistency. This can be seen in Figure 4, where ID-Booth
samples of the same identity contain a larger variety of
poses and face accessories. To obtain deeper insight, we
also analyze the pitch, yaw and roll of faces with the
6DRepNet [16] head pose estimator. In Table II we report
the mean and standard deviation of standard deviation values
obtained from pose distributions of each identity. Results
reveal that ID-Booth generates samples with the largest
variety of poses per identity, especially in terms of pitch
and roll, which represents an important aspect of overall
intra-identity diversity. In comparison, DreamBooth [42] and
PortraitBooth [35] often default to more front-facing poses,
as seen in Figures 3 and 4.

B. Recognition-based experiments

Identity consistency and separability. To determine the
suitability of generated images for forming recognition
datasets we must also examine the consistency and separabil-
ity of identities in the images. To this end, we form genuine
and imposter distributions either only among synthetic iden-
tities or between synthetic and real-world identities, based
on the similarity of features extracted with the pretrained
ArcFace-based recognition model [9]. From veri�cation re-
sults in Table III that describe these distributions, we can dis-

Fig. 4. Comparison of identity consistency.ID-Booth achieves better
identity consistency than DreamBooth [42], while retaining more diverse
synthesis capabilities and ensuring better intra-identity diversity than Por-
traitBooth [35]. Reported is the cosine similarity of synthetic and real iden-
tity features extracted with the pretrained ArcFace recognition model [9].

cern that both PortraitBooth [35] and ID-Booth achieve better
identity consistency and separability than DreamBooth [42],
due to the use of identity-based training objectives. This is
the case both either among synthetic or between synthetic
and real identities across all veri�cation metrics. The only
exception is the FNMR1000 score in the latter scenario,
which can likely be attributed to a handful of outliers,
especially when considering the lower FNMR100 scores
and improved FDR values. Compared to PortraitBooth [35],
our ID-Booth achieves lower FNMR scores among synthetic
identities along with lower FMR and FNMR scores between
synthetic and real identities, indicating fewer outliers. It
also achieves a notably higher FDR score in the second
scenario, which in combination with above observations
signi�es better intra-identity consistency and inter-identity
separability. This is further supported by ID-Booth samples
in Figure 4, which showcase better consistency between
generated and real identities or among different synthetic
samples of the same identity. Overall, these results high-
light crucial characteristics of ID-Booth that demonstrate
its suitability for augmenting existing datasets in a privacy-
preserving manner by producing identity-consistent in-the-
wild images of real-world identities from the training dataset
for which we have consent.
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