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A B S T R A C T

Foundation models are predominantly trained in an unsupervised or self-supervised manner on highly diverse
and large-scale datasets, making them broadly applicable to various downstream tasks. In this work, we
investigate for the first time whether such models are suitable for the specific domain of face recognition
(FR). We further propose and demonstrate the adaptation of these models for FR across different levels of data
availability, including synthetic data. Extensive experiments are conducted on multiple foundation models
and datasets of varying scales for training and fine-tuning, with evaluation on a wide range of benchmarks.
Our results indicate that, despite their versatility, pre-trained foundation models tend to underperform in FR
in comparison with similar architectures trained specifically for this task. However, fine-tuning foundation
models yields promising results, often surpassing models trained from scratch, particularly when training data
is limited. For example, after fine-tuning only on 1K identities, DINOv2 ViT-S achieved average verification
accuracy on LFW, CALFW, CPLFW, CFP-FP, and AgeDB30 benchmarks of 87.10%, compared to 64.70%
achieved by the same model and without fine-tuning. While training the same model architecture, ViT-S, from
scratch on 1k identities reached 69.96%. With access to larger-scale FR training datasets, these performances
reach 96.03% and 95.59% for the DINOv2 and CLIP ViT-L models, respectively. In comparison to the ViT-based
architectures trained from scratch for FR, fine-tuned same architectures of foundation models achieve similar
performance while requiring lower training computational costs and not relying on the assumption of extensive
data availability. We further demonstrated the use of synthetic face data, showing improved performances over
both pre-trained foundation and ViT models. Additionally, we examine demographic biases, noting slightly
higher biases in certain settings when using foundation models compared to models trained from scratch. We
release our code and pre-trained models’ weights at github.com/TaharChettaoui/FRoundation.
1. Introduction

Significant progress has been made in developing foundation mod-
els trained on extensive and diverse datasets recently [1–3]. Once
these models are trained, they can be adapted to a wide array of
downstream tasks, providing a versatile basis. Inspired by the success
of large language models (LLM) [4–8], similar large-scale foundation
models have been explored for various perception tasks [1–3,9]. Often
based on the ViT architecture [10], which has been shown to match
or exceed the performance of traditional methods in large-scale image
classification tasks, visual foundation models are becoming increasingly
popular due to their strong generalization capabilities when trained on
larger datasets. These models can be optimized to perform template
extraction, using zero or few-shot learning approaches, making them
highly versatile for biometric applications, where collecting a large set
of training data, e.g. face images, is technically and legally challenging.
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(F. Boutros).

Although foundation models hold considerable promise for a wide
range of applications, their adaptation for face recognition (FR) has
not been explored in previous research, which motivates this study. In
this work, we utilize visual foundation models to enhance performance
for the downstream task of FR while minimizing reliance on extensive
amounts of data, leveraging their pre-training on diverse datasets.

To explore the potential of foundation models in FR, we evaluate
the performance of different versions of two widely used foundation
models, namely DINOv2 [1] and CLIP [9]. Although foundation models
demonstrate strong generalization capabilities, our experiments show
that they perform poorly compared to state-of-the-art (SOTA) FR mod-
els [11–14] on various benchmarks. To enhance their effectiveness for
the downstream task of FR, we propose to fine-tune the considered
foundation models using low-rank adaptation (LoRA) [15]. LoRA inte-
grates trainable low-rank decomposition matrices into each transformer
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block while keeping the pre-trained model weights frozen. After fine-
tuning on dedicated datasets, the LoRA layers adapt to the downstream
task of FR, resulting in a significant increase in performance. For
xample, the smallest released pre-trained models of DINOv2 and
LIP achieve average verification accuracies of 64.70% and 82.64%,
espectively. After fine-tuning on CASIA-WebFace [16], their accuracies

increase to 90.94% and 92.13%, respectively.
In addition to examining the performance of fine-tuned founda-

tion models for FR, we compare them to a Vision Transformer (ViT)
trained from scratch on different subsets of a small-scale training
dataset, namely CASIA-WebFace. The goal of this experiment is to
leverage the versatility of foundation models, which are trained on
extensive and diverse datasets, making them strong candidates for
small-scale fine-tuning, as they benefit from the data on which they
were previously trained. Additionally, we aim to address the challenges
in data collection for the downstream task of FR, which can be te-
dious due to legal privacy regulations requiring strict consent, ethical
considerations regarding individual rights, and technical limitations
in collecting large and diverse training datasets. Our experimental
results demonstrate that, under conditions of low data availability,
fine-tuned foundation models significantly outperform models trained
from scratch, leveraging their pre-trained knowledge. On the other
hand, as data availability increases, the performance of models trained
from scratch becomes competitive. To provide insight into foundation
models performances when large-scale finetuning datasets are available
and to provide comparison results to recent SOTA FR models, we
finetuned/trained different instances of CLIP, DINOv2, and ViT on two
large-scale datasets, MS1MV2 and WebFace4M, that are widely used in
the literature. Our results validated that models trained from scratch
can eventually compete with or outperform fine-tuned foundation mod-
els when using large-scale datasets, highlighting the critical importance
of selecting the appropriate training strategy based on dataset size.

With the growing use of synthetic data to develop FR models [17–
19], which enables privacy-preserving training, we explore the per-
formance of these solutions and demonstrate that foundation models
outperform models trained from scratch when both are trained on the
same synthetic data. The presented models in this paper are evaluated
under cross-validation settings on mainstream challenging benchmarks,
including ones with cross-age, cross-pose, and large-scale verification
benchmarks. These evaluations are also enriched with demographic
bias evaluation on racial face in the wild (RFW) by reporting verifi-
cation accuracies as well as bias assessing metrics, e.g. skewed error
atio (SER) and standard deviations (STD). Our results on RFW, which
re aligned with previous works [18,20–23], report demographic bias
n deep learning-based FR models.

2. Related work

Face recognition:. Recent advances in FR performance have been pri-
arily driven by advancing development in neural network archi-

ectures [10,24], innovations in training loss functions [12], and the
vailability of large-scale training datasets [25–27]. The majority of re-
ent FR studies [11–13,28–30] employ ResNet-like [24] architectures,
ith some recent works [31,32] exploring ViT-based [10] architectures.
ost of these studies [11–13,28–30] focus on innovations in training

loss functions. FR training losses can be broadly categorized into two
roups: metric learning (e.g., Triplet loss [33]) and multi-class classifi-

cation learning (e.g., Softmax loss [34]). Metric learning losses [33,35],
such as Triplet loss, explicitly encourage the model to learn discrimi-
native feature representations by minimizing distances (e.g., Euclidean
distance) between samples of the same label while maximizing dis-
tances between samples of different labels. In contrast, margin-penalty
softmax loss employs cross-entropy over a softmax layer to implicitly
guide the model in learning discriminative features. This is achieved
by deploying a margin penalty on the angle or cosine angle between

samples and their respective class centers, aiming at pushing samples

2 
closer to their respective class centers and further away from other class
centers. Innovations in margin-penalty softmax loss have focused on
the geometric deployment of penalty margins, whether fixed [11,12]
or adaptive [13,28–30], yielding significant recognition improvements
on mainstream benchmarks. These advancements in FR research have
been made possible by large-scale training datasets [25–27], which
enable the training of deep networks with millions of parameters.

otable datasets include CASIA-WebFace [16], MS-Celeb-1M [25] and
its subsets (MS1MV2 [11] and MS1MV3 [36]), VGGFace2 [27], and
WebFace260M [26] with its subsets (WebFace42M, WebFace12M, and
WebFace4M). However, these datasets are collected from the internet,
raising discussion about the ethical use of such data in FR develop-
ment [17]. Such concerns, combined with the technical challenges of
assembling large-scale datasets, have motivated researchers [37–40]
to explore the use of synthetically generated data in FR development.
These challenges in collecting large-scale face datasets are among the
ey motivations for this work. As detailed later in this paper, we studied

the impact of fine-tuning dataset size on the foundation model perfor-
mances, providing insights into the model performance when extremely
small subsets are available (e.g., 82k images of 1k identities) and in the
case where large-scale datasets (e.g., 5.8M images of 85k identities)
are accessible. We also opted, as detailed later in this paper, to fine-
tune foundation models on synthetically generated data, exploring the
potential of such data in adapting foundation models for the FR task.

Foundation models:. Foundation models are defined by a substantial
number of trainable parameters and are pre-trained on a large and
diverse dataset, enabling them to adapt to a wide range of downstream
tasks across various domains [41]. Vision foundation models are com-

only structured around the use of Vision Transformers (ViTs) [10]
and rely on self-supervised learning (SSL) [42]. SSL is a technique
that trains models to learn representations from unlabeled data and
is essential for training ViTs, which tend to perform poorly on small
datasets [43]. Several high-performing vision foundation models spe-
cialized in various tasks have been released in recent years. Building on
he success of the Segment Anything Model (SAM) [44], which intro-

duced a foundation model for object segmentation, SAM2 [45] presents
 model for real-time, promptable object segmentation in images and

videos, achieving SOTA performance. CLIP [9] learns visual concepts
from natural language supervision and can be applied to any visual
lassification by providing the names of the visual categories to be
ecognized. DINOv2 [1] foundation models generate universal features

suitable for both image-level visual tasks, such as image classification
nd video understanding, as well as pixel-level visual tasks, including
epth estimation and semantic segmentation.

Vision foundation models are characterized by their generalization
bility due to massive training data, but they tend to show poor
erformance when applied to domain-specific settings [46]. To adapt
hem to a downstream task, multiple approaches were considered

in the literature. An example of that is the AdaptFormer [47] that
eplaces the MLP block in the transformer encoder with two identical
LP branches, where one mirrors the original network and the other

ntroduces a lightweight module for task-specific fine-tuning, demon-
trating significant improvements compared to fully fine-tuned models
n downstream tasks. Another example is the ViT-Adapter [48] that

proposes a method to adapt plain ViTs for dense prediction tasks by
injecting image-related inductive biases into the ViT and reconstruct-
ing fine-grained multi-scale features, yielding SOTA results on COCO
test-dev. Another approach is to insert trainable rank decomposition
matrices, called Low-rank adaptation (LoRA) [15] layers while freezing
the pre-trained model weights. In this work, we choose LoRA as our
oundation model adapter, as recent studies [46,49–52] highlight the

significant potential of LoRA for this purpose. For instance, integrating
LoRA layers into DINOv2 has been successfully applied in the medical
omain for two distinct tasks: capsule endoscopy diagnosis [49] and

depth estimation in endoscopic surgery [50], both of which have
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Fig. 1. ViT training pipeline with LoRA adapters. The facial image is divided into patches, which are mapped to patch embeddings via a linear projection. A class token is added,
and positional embeddings are incorporated to maintain spatial information. This sequence of embedding vectors is then input into the encoder. The transformer layers remain
fixed during training, while trainable LoRA layers are introduced to fine-tune the model. Each LoRA layer operates independently within the transformer layers and possesses its
own set of weights.
proven superior performance in their respective fields. In another work
on adapting foundation models for multiple plant phenotyping [51],
Chen et al. demonstrated that LoRA consistently outperforms decoder
tuning in leaf counting and disease classification, with their method
achieving high performance in both tasks, approaching the results of
SOTA models. Zanella et al. [52] explored few-shot adaptation of Vision
Language Models (VLMs) using LoRA, showing that their CLIP-based
method not only achieves substantial improvements but also reduces
training times.

The application of foundation models in biometrics is still very
limited, with only a few recent works starting to investigate their
potential. For example, Iris-SAM [53], which is based on the foundation
model SAM [44], fine-tunes it on ocular images for iris segmentation,
achieving an average segmentation accuracy that surpasses the best
baseline by a substantial margin of 10% on the ND-IRIS-0405 dataset.
Arc2Face [54] is an identity-conditioned face foundation model that
generates photo-realistic images based on the ArcFace [11] embedding
of a person. To showcase the performance of the generated data, they
train a FR model on synthetic images from their model, achieving
superior performance compared to existing synthetic datasets [17].
Recognizing the immense potential of foundation models across diverse
tasks, this study uncovers new perspectives by exploring their adap-
tation for FR, a path that, to the best of our knowledge, has been
unexplored until now.

3. Methodology

This section presents our approach FRoundation, for optimizing
vision foundation models for FR. This section starts by providing details
on the selected baseline foundation models, CLIP [9] and DINOv2 [1].
Then, we provide details on the adaptation mechanism used to optimize
foundation models for downstream tasks. Finally, we conclude by
describing the extension of pre-trained foundation models with LoRA
for FR.

3.1. Baseline foundation models

We selected two SOTA foundation models, CLIP and DINOv2, to
conduct our studies in this paper. These models proved to be gen-
eralizable across different downstream tasks [1,9] and achieved very
3 
competitive results with zero-shot learning. Previous works [49,50]
also showed that fine-tuning these models using, for example, LoRA,
could lead to SOTA performance on specific downstream tasks.

3.1.1. DINOv2
DINOv2 [1] is a self-supervised image encoder trained on a large

curated dataset, namely the LVD-142M dataset. The dataset was created
as part of this initiative, using an automated pipeline to assemble
a dedicated, diverse, and curated collection of images. The model
network architecture follows a student–teacher framework based on
vision transformers (ViT) [10] that learns features at the image and
patch levels by combining DINO [55] and iBOT [56] losses. The image-
level objective, inspired by DINO, is derived from the cross-entropy
loss between features extracted from the student and teacher networks.
These features are taken from the ViT class token and are based on
different crops of the same image. For the patch-level objective, random
input patches are masked and sent to the student, while remaining
visible to the teacher. The student’s iBOT head processes the masked
tokens while the teacher’s iBOT head processes the corresponding
visible tokens, leading to the calculation of the loss term. Additionally,
several contributions were made to accelerate and stabilize large-scale
training. As a result, a ViT model with 1B parameters was trained and
distilled into a series of smaller models that surpass the best available
general-purpose features on most of the benchmarks at image and pixel
levels [1], making it a top candidate as a foundation model for FR.

3.1.2. CLIP
Introduced by Radford et al. [9], Contrastive Language-Image Pre-

training (CLIP) is a multimodal foundation model that jointly learns
from visual and textual modalities. It leverages a large dataset compris-
ing images paired with text description, enabling the model to learn
and relate visual information to textual context, and vice versa. The
architecture consists of two separate encoders to process image and
text inputs, respectively. During training, CLIP employs a contrastive
learning approach, maximizing the cosine similarity between feature
representations obtained from image-text pairs while minimizing it for
negative samples. This allows the model to effectively capture the rela-
tionship between images and their corresponding textual descriptions.
The training process involves a large-scale training dataset, facilitating
the model’s ability to generalize across a variety of visual and textual
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tasks. In this work, we will focus exclusively on employing the image
encoder as we aim to obtain feature representation from face images
for the face verification task.

3.2. Fine-tuning with LoRA

In this work, we utilize Low-rank adaptation (LoRA) [15] to fine-
tune the considered foundation model. LoRA was initially developed
to fine-tune LLMs for specific downstream tasks, but it can be applied
to any neural network with dense layers. Its development was inspired
by [57], which demonstrates that a low-dimensional reparameteriza-
tion can be as effective for fine-tuning as the full parameter space.
This indicates that pre-trained models actually reside on a low intrinsic
dimension. Building on this concept, LoRA freezes the pre-trained
model weights and inserts trainable rank decomposition matrices into
each layer of the pre-trained transformer architecture. For a pre-trained
weight matrix 𝑊0 ∈ R𝑑×𝑘, LoRA utilizes a low-rank decomposition
to restrict its update by 𝑊0 + 𝛥𝑊 = 𝑊0 + 𝐵 𝐴 where 𝐵 ∈ R𝑑×𝑟 and
𝐴 ∈ R𝑟×𝑘 with the rank 𝑟 ≪ 𝑚𝑖𝑛(𝑑 , 𝑘). 𝑊0 does not receive gradient
updates during the training process, while only 𝐴 and 𝐵 are updated.
When fine-tuning, this approach significantly reduces the number of
trainable parameters compared to fine-tuning all the model parameters,
while also not introducing any additional inference latency. The latter
is achieved by computing 𝑊 = 𝑊0 + 𝐵 𝐴. After fine-tuning the model,
the adapter weights 𝐵 𝐴 are merged with the base model weight 𝑊0 to
compute the final model weights 𝑊 .

During the forward pass, the low-rank matrix product 𝐵 𝐴 is scaled
by 𝛼

𝑟
where 𝛼 is a constant. When optimizing with Adam [58], tuning

𝛼 is roughly the same as tuning the learning rate [15]. This scal-
ing factor causes gradient collapse as the rank increases, resulting in
larger ranks performing no better than smaller ones [59]. To tackle
this issue, the rank-stabilized LoRA (rsLoRA) [59] method proposes
to scale the low-rank matrix with 𝛼

√

𝑟
. Gradients do not collapse

with rsLoRA, and training with higher ranks has been experimen-
tally validated to improve performance. This method allows for an
effective compute/performance trade-off, where higher ranks can be
used to achieve higher performance at the cost of increased training
computation.

3.3. FRoundation

Utilizing pre-trained foundation models for FR leads to suboptimal
results, as will be presented in Section 5.1. Thus, we propose to
fine-tune the considered foundation models using LoRA. This requires
extending the pre-trained ViT models with LoRA layers before fine-
tuning them on dedicated datasets. It is possible to apply LoRA to the
𝑞, 𝑘, 𝑣, and 𝑜 projection layers, which refer respectively to the query,
key, value, and output projection matrices in the self-attention module
of ViT architecture [10]. Following [15], we adapt the weight matrices
of 𝑞 and 𝑣 only, as it was shown that adapting their respective weights
𝑊 𝑞 and 𝑊 𝑣 yields the best results on different downstream tasks [15].

The transformer encoder consists of alternating layers of Multi-
headed Self-Attention (MSA) and multilayer perceptron (MLP) blocks.
Layer Normalization (LN) is applied before every block and residual
connections after every block. LoRA is applied exclusively to the at-
tention weights, leaving the MLP unchanged for both simplicity and
parameter efficiency [15]. As illustrated in Fig. 1, given a facial image,
the image is divided into non-overlapping patches which are then
mapped into patch embeddings using a linear projection layer. Addi-
tionally, a learnable embedding known as the class (CLS) token [10]
is appended to the sequence of embedded patches. The goal of the
CLS token is to serve as the image representation, which we utilize to
obtain feature representation from input face samples. Then, position
embeddings are incorporated into the patch embeddings to preserve
positional information. The resulting sequence of embedding vectors
4 
Fig. 2. LoRA integration in multi-headed self-attention block. We implement LoRA to
𝑞 and 𝑣 projection layers in each transformer block.

is used as input for the encoder. In MSA, we run 𝑘 heads in parallel,
each with its own set of 𝑞, 𝑘, and 𝑣. In each head, LoRA layers operate
separately and have their own distinct weights. As shown in Fig. 2, for
an embedding 𝑥, the computation of the 𝑞, 𝑘, and 𝑣 projection layers
in head 𝑖 are:
𝑄𝑖 = 𝑊 𝑞

𝑖 𝑥 + 𝐵𝑞
𝑖 𝐴

𝑞
𝑖 𝑥,

𝐾𝑖 = 𝑊 𝑘
𝑖 𝑥,

𝑉𝑖 = 𝑊 𝑣
𝑖 𝑥 + 𝐵𝑣

𝑖 𝐴
𝑣
𝑖 𝑥

(1)

𝑊 𝑞
𝑖 , 𝑊 𝑘

𝑖 , and 𝑊 𝑣
𝑖 are frozen projection layers for 𝑞, 𝑘, and 𝑣,

respectively, while 𝐴𝑞
𝑖 , 𝐵

𝑞
𝑖 , 𝐴𝑣

𝑖 , and 𝐵𝑣
𝑖 are the trainable LoRA layers.

Then the attention scores are computed for all heads using a scaled
dot-product attention mechanism. The attention output for head 𝑖 is:

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑖, 𝐾𝑖, 𝑉𝑖) = 𝑆 𝑜𝑓 𝑡𝑚𝑎𝑥
(

𝑄𝑖𝐾𝑇
𝑖

√

𝑑𝑘

)

𝑉𝑖, (2)

where the scaling factor 𝑑𝑘 represents the dimension of the key vectors.
The output of all heads is concatenated along the feature dimension and
passed through the projection layer O:

𝑀 𝑢𝑡𝑙 𝑖𝐻 𝑒𝑎𝑑(𝑄, 𝐾 , 𝑉 ) = 𝐶 𝑜𝑛𝑐 𝑎𝑡(ℎ𝑒𝑎𝑑1, .., ℎ𝑒𝑎𝑑𝑘)𝑊 𝑜. (3)

The output of the projection layer 𝑂 is then passed to the MLP,
completing the execution of a single transformer block. 𝐿 transformer
layers are used to transform the image tokens into feature represen-
tations 𝑡𝑙 where 𝑙 denotes the output of the 𝑙th transformer block.
Each 𝑙th transformer layer processes the output vectors of the pre-
vious layer. The final hidden state of the CLS token is employed as
feature representation. To optimize the considered foundation models
for FR, we proposed to fine-tune the models with the widely adapted
margin-penalty softmax loss for FR [11,12]. Specifically, we extended
the architecture with an additional multi-class classification layer and
utilized CosFace loss [12] as a margin-penalty softmax loss.
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Table 1
The achieved verification performances by DINOv2 and CLIP on several evaluation benchmarks. The results are reported in (%) on the small benchmarks and as average accuracies.
The results of the first row are achieved by the ViT-S model trained from scratch on MS1MV2 and provided as a reference. The DINOv2 dataset blurred faces during training, as
iscussed in Section 5.1, which causes the gap in evaluation accuracies between the two models.
Method Backbone LFW CFP-FP AgeDB30 CALFW CPLFW Avg. IJB-B IJB-C

10−3 10−4 10−5 10−3 10−4 10−5

Baseline (MS1MV2) ViT-S 99.73 95.44 97.42 95.95 92.35 96.18 95.89 92.85 79.68 96.76 94.51 88.30

DINOv2

ViT-S 78.73 71.15 54.70 59.47 59.48 64.70 14.66 5.90 2.33 18.10 7.44 2.87
ViT-B 80.22 72.64 56.45 59.77 63.10 66.44 15.13 5.77 2.44 18.21 6.90 2.59
ViT-L 80.37 71.97 55.25 60.52 64.33 66.49 17.18 6.44 2.52 20.36 7.84 2.77
ViT-G 80.32 71.97 58.62 59.53 64.20 66.93 17.59 6.76 2.79 19.94 8.05 3.23

CLIP

ViT-B/32 94.03 84.91 70.72 76.13 77.47 80.65 39.36 20.58 9.38 43.73 25.02 11.98
ViT-B/16 93.33 88.86 74.67 77.13 79.23 82.64 49.19 27.79 11.93 52.21 32.40 16.34
ViT-L/14 95.90 90.66 79.82 83.10 82.73 86.44 62.72 40.90 20.52 64.74 44.69 25.23
ViT-L/14@336 96.30 91.26 79.80 81.83 82.30 86.30 61.88 39.69 18.86 64.30 43.68 24.13
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4. Experimental setups

Evaluation datasets. To explore the capabilities of foundation models
for FR, we assess their performance using the following benchmarks:
Labeled Faces in the Wild (LFW) [60], Celebrities in Frontal-Profile in
he Wild (CFP-FP) [61], AgeDB30 [62], Cross-age LFW (CA-LFW) [63],

CrossPose LFW (CP-LFW) [64]. The results are reported on each bench-
mark as verification accuracies in (%) and following their official
evaluation protocol. In addition, we evaluated on large-scale evalua-
tion benchmarks, IARPA Janus Benchmark-B (IJB-B) [65], and IARPA
anus Benchmark-C (IJB-C) [66]. For IJB-C and IJB-B, we used the

official 1:1 mixed verification protocol and reported the verification
performance as true acceptance rates (TAR) at false acceptance rates
(FAR) of 1e−3, 1e−4, and 1e−5. All these benchmarks were chosen
as they are widely used to benchmark the latest FR developments and
provide a comprehensive variation of use-cases [11–14]. All results
n the paper are reported using cross-validation settings, ensuring no
verlap between the training and testing datasets. This approach aligns
ith SOTA works [11,13,28] in FR, by utilizing datasets such as CASIA-
ebFace, MS1MV2, and WebFace4M for training/finetuning while

eporting verification results on mainstream evaluation benchmarks,
ncluding LFW, CFP-FP, AgeDB30, CALFW, CPLFW, CFP-FP, IJB-C and
JB-B.

Training and fine-tuning datasets. To fine-tune the considered founda-
ion models, we employ the CASIA-WebFace [16] dataset, consist-

ing of 0.5 million images and 10K identities. We also conduct large-
scale fine-tuning on the MS1MV2 [11] and WebFace4M [26] datasets.
MS1MV2 is a refined version of MS-Celeb-1M [25] by [11], containing
.8M images of 85K identities. WebFace4M is a subset of the Web-
ace260M dataset [26], consisting of 200K identities and 4 million
mages. We also investigate the performance of the selected foundation
odels when trained using synthetic data, focusing on a latent diffusion
odels-based approach, IDiff-Face [40], and a generative adversar-

al network (GAN)-based approach, SFace2 [39]. For both synthetic
datasets, we conducted training on 10K identities, using 50 images per
identity. The images in the training and testing dataset are aligned
and cropped to 112 × 112 as described in [11] using five landmark
oints extracted by the Multi-task Cascaded Convolutional Networks
MTCNN) [67].

Model architectures. DINOv2 [1] officially released four ViT architec-
tures, small (ViT-S), base (ViT-B), large (ViT-L), and giant (ViT-G).
ViT-S, ViT-B, ViT-L, and ViT-G contain 22M, 86M, 0.3B, and 1.1B
parameters, respectively. All models use a patch size of 14 but differ in
embedding dimensions and the number of attention heads, with ViT-S
having an embedding dimension of 384 and 6 heads, ViT-B having an
embedding dimension of 768 and 12 heads, ViT-L having an embedding
dimension of 1024 and 16 heads, and ViT-g having an embedding
dimension of 1536 and 24 heads. On the other hand, CLIP [9] offers
4 different models with 2 architectures: base and large. The base
 a

5 
model ViT-B of CLIP contains 86M parameters and has 2 variants with
different patch sizes, 16 (ViT-B/16) and 32 (ViT-B/32). The large model
ViT-L/14 has 0.3 billion parameters and includes a variant, namely ViT-
/14@336, that was pre-trained at a higher resolution of 336 pixels for

one additional epoch to boost performance [68]. The ViT-B model has a
width of 768 and 12 attention heads, while the ViT-L model has a width
of 1024 and 16 attention heads. We will start by evaluating the perfor-
mance of all models in Section 5.1. For further detailed experiments,
we focus on the following models: ViT-S for DINOv2 and ViT-B/16 for
CLIP, as these are the smallest models released by the corresponding
authors, which makes our detailed experiments viable (given hardware
and time limitations). We also investigate the performance of the larger
models in Section 5.2 and choose ViT-L for CLIP and DINOv2 for a
airer comparison, as the largest model, namely the giant model of
INOv2, has 1.1 billion parameters compared to 0.3 billion parameters

for DINOv2 and CLIP ViT Large.

Training settings. We utilize the CosFace [12] loss function to train
all models presented in this paper with a margin penalty of 0.3 and
cale factor of 64, following [12], as well as other works analyzing
ifferent building blocks of FR [39]. During the fine-tuning, we used

AdamW [69] optimizer with a weight decay of 0.05. We train for 40
epochs (on CASIA-WebFace) and for 30 epochs (on MS1MV2 and Web-
Face4M), with a batch size set to 512 [11]. The initial learning rate is set
to 0.0001 and is updated using a Cosine Learning Rate scheduler [70].
Additionally, the LoRA rank is set to 16 for all applicable experiments.
The images are resized to 224 × 224 pixels to adapt to the image
resolution initially used by DINOv2 and CLIP during training. For data
augmentation, we apply horizontal flipping and RandAug [71] with
4 operations and a magnitude of 16, following [72]. During training
and following [11,13], we explore efficient face verification datasets
e.g. LFW, CALFW, CPLFW, CFP-FP, AgeDB) to track and check the

convergence status of the model. This has been performed after each
epoch. It is important to note that for the RFW [23] evaluation, models
trained on MS1MV2 are not subject to full cross-validation due to the
identity overlap between RFW and MS1MV2, which is a cleaned version
derived from MS-Celeb-1M [25], as stated in [23]. We additionally
rained 12 instances of ViT, ViT-S, and ViT-L, from scratch on different

subsets of CASIA-WebFace as well as on MS1MV2 and WebFace4M.
These models are noted as the baseline.

Computational cost. We utilized two foundation models in this paper,
ach with different base architectures. For DINOv2, we utilized ViT-S
nd ViT-L, containing 22M and 0.3B parameters, respectively. For CLIP,
e utilized ViT-B and ViT-L, containing 86M and 0.3B parameters,

espectively. Given that these models utilize 32 floating-point (4-byte)
alues to represent each parameter, the required memory footprint
or each model is 4 times the number of parameters. To evaluate
omputational time during inference, we measure the models’ latency
n a Quadro RTX 6000 GPU. Specifically, the ViT-S and ViT-L variants
f DINOv2 require 6.993 ms and 13.614 ms, respectively, to process
 single image on this hardware. When fine-tuning the models, we
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Table 2
The achieved verification performances by the baseline model (trained from scratch) and fine-tuned DINOv2 and CLIP on different subsets of CASIA-WebFace. The results are
reported in (%) on the small benchmarks and as average accuracies. On IJB-B and IJB-C, the results are reported as TAR at FAR of 1e−3, 1e−4 and 1e−5. The results of the
first two rows are obtained from DINOv2 and CLIP models without fine-tuning. It is worth noting that fine-tuning DINOv2 and CLIP achieved higher recognition accuracies than
training ViT models from scratch.

# Identities # Images Method LFW CFP-FP AgeDB30 CALFW CPLFW Avg. IJB-B IJB-C

10−3 10−4 10−5 10−3 10−4 10−5

– – DINOV2 78.73 71.15 54.70 59.47 59.48 64.70 14.66 5.90 2.33 18.10 7.44 2.87
– – CLIP 93.33 88.86 74.67 77.13 79.23 82.64 49.19 27.79 11.93 52.21 32.40 16.34

1K 82 425
Baseline 88.33 65.21 61.07 73.35 61.85 69.96 2.44 0.93 0.54 2.69 1.08 0.55
DINOv2 96.82 87.31 82.20 85.92 83.27 87.10 65.87 45.28 25.54 70.82 51.32 32.66
CLIP 98.55 93.11 85.28 88.98 87.83 90.75 70.56 43.43 16.36 75.70 51.01 24.86

2.5K 163 945
Baseline 93.17 74.70 69.93 78.32 71.13 77.45 5.38 1.23 0.51 5.04 1.12 0.41
DINOv2 97.80 89.60 84.25 87.72 85.15 88.90 72.21 52.88 25.12 77.05 59.88 37.23
CLIP 98.87 93.51 86.12 90.07 88.78 91.47 71.03 44.12 18.42 76.38 52.58 26.97

2.5K (S) 289 228
Baseline 95.78 82.89 78.33 83.25 77.72 83.59 30.37 4.81 1.00 26.91 4.04 0.83
DINOv2 98.50 90.81 87.25 88.68 85.93 90.23 77.28 61.69 38.96 80.68 66.97 49.67
CLIP 98.63 94.23 86.28 89.50 88.20 91.37 72.16 41.36 13.18 77.46 51.09 20.48

5K 280 215
Baseline 96.32 81.71 78.25 84.23 78.25 83.75 28.63 5.91 1.11 24.17 4.79 1.00
DINOv2 98.43 90.81 86.83 89.17 85.55 90.16 76.58 61.34 38.03 80.81 66.96 48.81
CLIP 99.13 94.27 86.85 90.50 88.87 91.92 75.65 53.65 26.92 80.25 59.21 35.83

7.5K 389 007
Baseline 97.07 85.71 81.55 86.20 81.55 86.42 56.90 18.05 3.03 55.15 17.40 3.80
DINOv2 98.40 91.94 87.20 89.63 85.60 90.55 74.36 46.42 15.00 77.96 52.97 22.29
CLIP 99.13 94.49 87.33 90.43 88.45 91.97 77.92 56.26 25.84 81.77 62.78 34.74

10K 490 623
Baseline 98.02 88.04 84.70 88.25 83.78 88.56 73.00 39.61 10.48 73.03 36.77 10.79
DINOv2 98.38 91.57 88.22 89.87 86.67 90.94 79.27 63.24 34.63 82.46 69.50 48.45
CLIP 98.97 94.29 87.62 90.62 89.13 92.13 80.50 61.45 33.48 83.96 67.45 42.45
m
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attach LoRA layers to the various considered model architectures. These
ayers introduce computational overhead, as the forward pass of the

model becomes more complex due to the need to process the additional
eights. As a result, the forward pass time for the DINOv2 ViT-S and
iT-L increases to 9.862 ms and 19.502 ms, respectively. For the CLIP
ariants, namely ViT-B and ViT-L, they require 8.657 ms and 12.74 ms,
espectively, which increase to 12.498 and 18.817 ms when LoRA
ayers are added. While models fine-tuned with LoRA exhibit a slower

forward pass during training, they benefit from the fact that only the
dditional LoRA layers are updated during the backpropagation pro-
ess. For DINOv2, ViT-S (22M parameters) and ViT-L (0.3B parameters)
ncorporate an additional 0.3M and 1.5M parameters due to LoRA,
espectively, which corresponds to only 1.32% and 0.51% of the total
rainable parameters. For CLIP, ViT-B (86M parameters) and ViT-L
0.3B parameters) also add 0.5M and 1.5M parameters from LoRA,
espectively, which account for only 0.68% and 0.51% of the total
rainable parameters. It is important to note that LoRA adapter weights
re merged with the base model weights once training is complete,
s discussed in Section 3.2. This merging reduces memory usage and
llows for inference speeds that are comparable to those of the original

model, eliminating the need to maintain separate layers [15]. As a
esult, the extra computational load and memory usage during training

is removed during inference.

5. Results

5.1. Are foundation models ready for face recognition?

We first evaluate the face verification performances of the con-
idered foundation models, DINOv2 and CLIP, on several challenging
enchmarks described in Section 4. For DINOv2 and CLIP, we uti-
ized the official pre-trained models released by the corresponding
uthors [1,9]. The models, in this case, are utilized as feature extractors
ithout fine-tuning the model weights.

The results achieved by the different pre-trained architectures of
DINOv2 and CLIP are presented in Table 1. All network architectures
re based on vision-transformer (ViT). For details on network archi-
ectures, one can refer to the corresponding papers [1,9]. The results

of the first row (noted as baseline (MS1MV2)) are achieved by a ViT-
S model trained from scratch on MS1MV2. These evaluation results
6 
are provided in this table as a reference. One can clearly observe
that different pre-trained CLIP model versions outperformed DINOv2

odels on the considered benchmarks. This result might be attributed
o the fact that the curated dataset LVD-142M [1], on which DINOv2

was trained, involved a post-processing step that blurred identifiable
faces [1]. Although the considered foundation models are not trained
and optimized to perform feature extraction for face verification, they
achieved relatively high accuracies on the considered benchmarks. For
example, the achieved verification accuracy by CLIP (ViT-L/14@336),
the largest model from CLIP, was 96.30% on LFW. On the benchmarks
with cross-age evaluation protocol, the best-achieved accuracies on
AgeDB30 and CALLFW were 79.80% and 81.83%, respectively. All con-
sidered models achieved relatively low TAR at the reported thresholds
of FAR on large and challenging benchmarks, IJB-B and IJB-C.

From the reported results in Table 1, one can conclude that the
chieved results by foundation models on face verification are far from
eing random. They achieved relatively high accuracies on less chal-
enging benchmarks (LFW). However, this performance significantly
rops when the evaluation benchmark contains challenging pairs such
s AgeDB30, CALFW, IJB-B, and IJB-C, especially when considering the
aseline model trained from scratch and the current performances of
OTA FR solutions [11–14].

5.2. Froundation: Fine-tuning foundation models

Table 2 presents the verification accuracies achieved by considered
foundation models, DINOv2 and CLIP, fine-tuned with LoRA (Sec-
tion 3.3) on different subsets of CASIA-WebFace. The results noted as
the baseline are achieved by ViT-S trained from scratch and provided
s a reference. In this experiment, we utilized the smallest released

pre-trained ViT architecture from DINOv2 (ViT-S) and CLIP (ViT-B).
The results of the first two rows in Table 2 are achieved by pre-
trained DINOv2 (ViT-S) and CLIP (ViT-B) without fine-tuning. Driven
by possible technical limitations and ethical concerns in practice to
collect large-scale face (or other biometric) datasets [17], we propose to
fine-tune the foundation models on small subsets from CAISA-WebFace
and compare them to the case where the model was trained from
scratch. Specifically, we provided a border evaluation of the impact
of dataset size in terms of number of identities (dataset width) on the
model performance by utilizing (𝑛)K identities from CASIA-WebFace,
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Fig. 3. Average verification accuracies on five benchmarks, LFW, CFP-FP, AgeDB30,
CALFW, and CPLFW on the 𝑦-axis vs. training/fine-tuning dataset size, in terms of
the number of identities, on the 𝑥-axis. The results correspond to the ones reported
n Table 2 and plotted for ViT (baseline) as well as fine-tuned DINOv2 and CLIP.

Increasing the training/fine-tuning dataset width (number of identities) improved the
model recognition performances.

where 𝑛 ∈ [1, 2.5, 5, 7.5, 10]. Additionally, we investigate the impact of
the dataset depth (number of images) on the model performance by
comparing the case where the 2.5K identities are randomly selected
to the case where these 2.5K identities are selected (noted as 2.5K(S))
with the largest number of images per identity. The 2.5K and 2.5K(S)
resulted in a total of 163 945 and 289 228 images, respectively. Based on
the reported results in Table 2, we made the following observations:

• Fine-tuning DINOv2 and CLIP on different subsets from CASIA-
WebFace significantly improved the achieved verification accu-
racies on all evaluation benchmarks, in comparison to the case
where DINOv2 and CLIP are utilized without fine-tuning. Initially,
without fine-tuning, DINOv2 (ViT-S) and CLIP (ViT-B) achieved
average accuracies of 64.70% and 82.64%, respectively. These
average accuracies increased to 87.10% and 90.75% by fine-
tuning DINOv2 and CLIP, respectively, on a small subset of only
1K identities from CAISA-WebFace.

• As expected, using a larger subset for fine-tuning DINOv2 and
CLIP consistently resulted in higher verification accuracies across
all considered benchmarks. The same observation can also be
made for the model trained from scratch (baseline).

• Fine-tuning ViT of pre-trained DINOv2 and CLIP led to higher ver-
ification accuracies, in comparison to the case where the model is
trained from scratch. The superiority of foundation models over
the model trained from scratch on CASIA-WebFace (or a subset
of CASIA-WebFace) can be observed on the small evaluation
benchmarks and the large-scale, IJB-B and IJB-C, benchmarks.
This observation can be seen also in Fig. 3.

• Fig. 3 presents average accuracies (y-axis) of baseline and founda-
tion models fine-tuned on different subsets (x-axis) from CASIA-
WebFace. One can notice that the average accuracies slightly
improved when a larger subset of CASIA-WebFace is utilized.
On the other hand, the performance of the baseline significantly
increases with more data, starting at an average accuracy of
69.96% when trained on 1K and reaching 88.56% on the full
dataset with an increase of 18.6%. The same observation can also
be made for the IJB-B and IJB-C benchmarks (Table 2).

• The impact of the dataset depth (number of images) can be ob-
served by comparing the achieved results of models trained/fine-
tuned on 2.5K (163 945) and 2.5K (S) (289 228). One can observe
7 
that increasing the dataset depth leads to higher verification
accuracies in most settings.

5.3. Large-scale fine-tuning

Table 3 presents the achieved recognition performances by models
trained from scratch (baseline) and fine-tuned (CLIP and DINOV2) on
a relatively small dataset, CASIA-WebFace (0.5M images) and larger
datasets, MS1MV2 (5.8M images) and WebFace4M (4M images). All
results are reported using large (ViT-L) and small (ViT-S of DINOv2
and baseline and ViT-B of CLIP) architectures. We made the following
observation from the reported results in Table 3:

• Using CASIA-WebFace (0.5M images), fine-tuning DINOv2 (ViT-S
and ViT-L architectures) and CLIP (ViT-B and ViT-L architec-
tures) led to higher verification accuracies, in comparison to
the case where ViT-S and ViT-L are trained from scratch on
the same data. For example, the average verification accuracies
on the small benchmarks, LFW, CFP-FP, AgeDB30, CALFW, and
CPLFW, was 87.39% by baseline (ViT-L) which is lower than
94.28% and 94.26% achieved by the fine-tuned DINOv2 and
CLIP, respectively.

• The models that are trained/fine-tuned on large datasets,
MS1MV2 and WebFace4M, achieved higher verification accu-
racies than the one trained on the relatively smaller dataset,
CASIA-WebFace.

• Using small architectures (ViT-S and ViT-B) and large-scale train-
ing datasets (MS1MV2 or WebFace4M), the model trained from
scratch achieved higher verification accuracies than the fine-
tuned DINOv2 and CLIP. This observation can be noticed from the
achieved results on small benchmarks as well as on large-scale,
IJB-B and IJB-C, benchmarks.

• Using large architectures (ViT-L) and large-scale training/fine-
tuning datasets (MS1MV2 or WebFace4M), the fine-tuned DI-
NOv2 and CLIP achieved slightly higher recognition performance
than the models trained from scratch on most of the evaluation
benchmarks.

To conclude, for the case where only a relatively small training
dataset is accessible, fine-tuning pre-trained foundation models can
achieve higher recognition accuracy than training the same model
architecture from scratch. In the case that one has access to large
training datasets, training a model from scratch for FR can achieve very
competitive results to fine-tuning foundation models. However, this,
next to the technical and legal limitations of collecting or maintaining
the data, comes with a high training time cost. For example, training
ViT-L from scratch on MS1MV2 using the settings described in Section 4
requires around 70 GPU hours, in comparison to around 40 GPU hours
or fine-tuning DINOv2 with LoRA on 8 Nvidia A100 SXM4 40 GB GPUs.

Additionally, to put the performances achieved by FRoundation in the
context of some of the major works in FR, we present in Table 4 results
f the most influential works in the field [11–13,28–30]. However, this

comparison is not direct, as such works commonly use the ResNet-
100 [24] architecture and the MS1MV2 or WebFace4M dataset [11,26]
for training. The various solutions outperform the trained from scratch
models presented in Table 3. However, the results achieved by our
FRoundation enhance the performance to a very close level to the works
of the solutions presented in Table 4.

5.4. Learning from synthetic data

Table 5 presents the verification accuracies obtained by models
trained from scratch (baseline) on IDiff-Face [40] and SFace2 [39]
alongside the considered foundation models, DINOv2 and CLIP, which
were fine-tuned using LoRA on IDiff-Face and SFace2. All results are
reported using the experimental setups presented in Section 4. From
the results presented in Table 5, we draw the following insights:



T. Chettaoui et al.

T

o

Image and Vision Computing 156 (2025) 105453 
Table 3
The achieved verification accuracies by baseline models, as well as fine-tuned DINOv2 and CLIP, are presented on several challenging benchmarks. Different architectures of
DINOv2 and CLIP are fine-tuned on different datasets, CASIA-WebFace, MS1MV2, and WebFace4M. The results of the baseline refer to models trained from scratch.

Method Backbone Train data LFW CFP-FP AgeDB30 CALFW CPLFW Avg. IJB-B IJB-C

10−3 10−4 10−5 10−3 10−4 10−5

Baseline

ViT-S
CASIA-WebFace 98.02 88.04 84.70 88.25 83.78 88.56 73.00 39.61 10.48 73.03 36.77 10.79
MS1MV2 99.73 95.44 97.42 95.95 92.35 96.18 95.89 92.85 79.68 96.76 94.51 88.30
WebFace4M 99.63 96.57 96.20 95.55 92.92 96.17 96.34 93.86 88.30 97.44 95.62 92.46

ViT-L
CASIA-WebFace 97.87 87.84 81.53 87.03 82.67 87.39 76.45 58.96 37.88 79.26 62.51 43.95
MS1MV2 99.73 95.31 96.48 95.68 92.22 95.88 94.76 90.07 74.38 95.85 92.49 82.71
WebFace4M 99.68 96.47 94.60 94.85 92.63 95.65 95.82 92.92 85.94 97.14 94.79 90.90

DINOv2

ViT-S
CASIA-WebFace 98.38 91.57 88.22 89.87 86.67 90.94 79.27 63.24 34.63 82.46 69.50 48.45
MS1MV2 99.02 89.71 91.42 92.90 86.83 91.98 89.52 81.70 69.10 91.61 85.25 76.95
WebFace4M 98.95 91.43 87.77 91.43 87.73 91.46 89.71 81.13 68.34 92.08 85.13 76.10

ViT-L
CASIA-WebFace 99.33 95.77 92.77 92.33 91.20 94.28 89.98 78.81 61.77 92.44 84.45 72.91
MS1MV2 99.63 95.93 96.22 95.50 92.78 96.01 95.31 91.95 83.50 96.41 93.94 89.89
WebFace4M 99.65 96.84 95.10 94.80 93.75 96.03 95.64 92.65 86.42 96.96 94.79 91.40

CLIP

ViT-B
CASIA-WebFace 98.97 94.29 87.62 90.62 89.13 92.13 80.50 61.45 33.48 83.96 67.45 42.45
MS1MV2 99.43 93.51 92.02 93.37 90.40 93.75 90.82 82.39 65.17 92.82 86.31 75.32
WebFace4M 99.30 93.93 88.90 92.75 90.67 93.11 90.71 81.52 68.05 92.85 85.63 75.73

ViT-L
CASIA-WebFace 99.55 95.73 91.73 92.58 91.70 94.26 90.33 78.71 56.96 92.59 83.12 68.87
MS1MV2 99.68 96.76 93.20 94.60 93.73 95.59 95.73 91.22 82.78 96.80 93.66 88.62
WebFace4M 99.65 96.50 93.72 94.37 93.73 95.59 95.12 90.72 82.76 96.62 93.40 88.55
Table 4
The achieved verification accuracies by notable previous works, namely CosFace, ArcFace, CurricularFace, MagFace, ElasticFace, and AdaFace, are reported on IJB-B and IJB-C as

AR at a FAR of 1e−4, along with various small benchmarks.
Method Train data LFW CFP-FP AgeDB30 CALFW CPLFW Avg. IJB-B IJB-C

CosFace [12,26] (CVPR 2018) MS1MV2 99.81 98.18 98.34 96.18 92.76 97.05 – 96.01
ArcFace [11,26] (CVPR2019) MS1MV2 99.78 98.54 98.21 96.05 92.93 97.10 – 96.03
CurricularFace [26,29] (CVPR2020) MS1MV2 99.83 98.67 98.32 96.28 93.05 97.23 – 96.21
MagFace [28] (CVPR2021) MS1MV2 99.83 98.46 98.17 96.15 92.87 97.09 94.51 95.97
ElasticFace-Arc [13] (CVPRW2022) MS1MV2 99.80 98.67 98.35 96.17 93.27 97.25 95.22 96.49
AdaFace [30] (CVPR2022) MS1MV2 99.82 98.49 98.05 96.08 93.53 97.19 95.67 96.89

CosFace [12,26] (CVPR 2018) WebFace4M 99.80 99.25 97.45 95.95 94.40 97.37 – 96.86
ArcFace [11,26] (CVPR2019) WebFace4M 99.85 99.04 97.82 95.93 94.31 97.39 – 96.77
CurricularFace [26,29] (CVPR2020) WebFace4M 99.83 99.11 97.83 96.03 94.21 97.40 – 97.02
AdaFace [30] (CVPR2022) WebFace4M 99.80 99.17 97.90 96.05 94.63 97.51 96.03 97.39
Table 5
The verification accuracies obtained by the baseline (trained from scratch) models, along with the foundation models DINOv2 and CLIP, are presented after training/fine-tuning
n various synthetic datasets, including IDiff-Face and SFace2.
Method Backbone Train data LFW CFP-FP AgeDB30 CALFW CPLFW Avg. IJB-B IJB-C

10−3 10−4 10−5 10−3 10−4 10−5

Baseline
ViT-S SFace2 92.70 69.84 69.42 78.77 65.87 75.32 13.51 4.30 1.79 11.71 3.72 1.47

IDiff-Face 96.35 77.50 79.48 85.78 75.57 82.93 60.30 33.77 12.55 58.33 30.08 11.61

ViT-L SFace2 91.37 71.56 68.05 75.83 68.82 75.13 40.94 18.65 6.62 36.31 14.53 5.34
IDiff-Face 96.13 76.56 77.43 85.25 75.83 82.24 56.93 26.14 6.07 54.30 21.20 4.20

DINOv2

ViT-S
– 78.73 71.15 54.70 59.47 59.48 64.70 14.66 5.90 2.33 18.10 7.44 2.87
SFace2 93.57 76.97 73.70 78.95 71.85 79.01 58.14 39.84 22.77 60.12 43.23 28.00
IDiff-Face 96.13 80.54 80.13 86.12 74.32 83.45 64.86 42.01 15.99 67.23 47.80 23.58

ViT-L
– 80.37 71.97 55.25 60.52 64.33 66.49 17.18 6.44 2.52 20.36 7.84 2.77
SFace2 95.55 84.58 77.73 82.48 78.10 83.69 68.33 48.92 28.30 71.37 53.32 34.94
IDiff-Face 97.77 86.94 86.67 90.28 81.73 88.68 75.11 55.75 32.80 78.75 62.17 40.94

CLIP

ViT-B
– 93.33 88.86 74.67 77.13 79.23 82.64 49.19 27.79 11.93 52.21 32.40 16.34
SFace2 93.98 86.56 76.77 81.95 78.45 83.54 66.07 39.93 14.12 69.44 47.24 23.13
IDiff-Face 97.58 87.91 80.78 88.17 80.48 86.98 74.47 54.15 26.27 77.54 61.01 37.43

ViT-L
– 95.90 90.66 79.82 83.10 82.73 86.44 62.72 40.90 20.52 64.74 44.69 25.23
SFace2 97.88 89.87 79.03 86.50 83.88 87.43 75.31 54.86 25.14 78.64 60.81 37.73
IDiff-Face 98.75 91.40 86.50 90.78 84.87 90.46 82.92 64.56 34.82 86.07 71.77 48.18
• The recognition performance of CLIP and DINOv2 improves when
fine-tuning with any of the considered synthetic datasets com-
pared to using the pre-trained models alone, highlighting the
significant potential of synthetic datasets in enhancing model
performance.
8 
• The models trained/fine-tuned on the IDiff-Face dataset generally
deliver higher recognition performance across various bench-
marks compared to those trained on the SFace2 dataset. For exam-
ple, the ViT-L model of CLIP achieves higher verification accuracy
on all evaluation benchmarks when fine-tuned on IDiff-Face,



T. Chettaoui et al.

T
v

h
s
F
d

t

h
v

Image and Vision Computing 156 (2025) 105453 
Table 6
Evaluation results on RFW reported as average recognition performance in (%), standard deviation (STD) and skewed error ratio (SER) across four different demographic groups.

he higher STD indicates a more biased model and the higher average (avg) indicates, in general, better recognition performance. The rightmost columns represent the average
erification performance on small benchmarks (SB) and on IJB-C as TAR at FAR 1e−4, previously presented in Tables 1 and 3.
Method Backbone Train data African Asian Caucasian Indian Avg. STD SER Avg. IJB-C

SB 1e−4

Baseline

ViT-S
CASIA-WebFace 75.25 75.68 84.75 78.58 78.57 4.38 1.62 88.56 36.77
MS1MV2 96.65 96.32 98.63 96.68 97.07 1.05 2.68 96.18 94.51
WebFace4M 94.40 94.12 97.73 95.02 95.32 1.65 2.59 96.17 95.62

ViT-L
CASIA-WebFace 71.87 73.47 81.08 74.23 75.16 4.06 1.48 87.39 62.51
MS1MV2 97.32 96.48 98.45 97.25 97.38 0.81 2.27 95.88 92.49
WebFace4M 93.37 92.25 96.33 93.27 93.80 1.75 2.11 95.65 94.79

DINOv2

ViT-S

– 54.77 61.13 65.00 60.42 60.33 4.21 1.29 64.70 7.44
CASIA-WebFace 76.15 76.90 85.98 80.65 79.92 4.49 1.70 90.94 69.50
MS1MV2 83.43 83.77 91.18 87.05 86.36 3.60 1.87 91.98 85.25
WebFace4M 80.83 82.90 88.50 84.77 84.25 3.25 1.66 91.46 85.13

ViT-L

– 58.46 64.20 67.47 60.93 62.77 3.91 1.27 66.49 7.84
CASIA-WebFace 85.97 84.00 93.15 86.65 87.44 3.96 2.33 94.28 84.45
MS1MV2 93.75 93.40 97.08 93.92 94.54 1.70 2.26 96.01 93.94
WebFace4M 92.85 91.75 95.97 93.40 93.49 1.78 2.04 96.03 94.79

CLIP

ViT-B

– 70.75 69.73 79.32 68.98 72.19 4.80 1.49 82.64 32.40
CASIA-WebFace 80.13 80.53 89.18 80.30 82.54 4.43 1.83 92.13 67.45
MS1MV2 85.60 86.30 91.82 87.40 87.78 2.79 1.76 93.75 86.31
WebFace4M 84.43 84.62 90.80 85.97 86.45 2.97 1.69 93.11 85.63

ViT-L

– 74.03 72.15 82.60 73.15 75.48 4.80 1.60 86.44 44.69
CASIA-WebFace 84.65 84.47 92.60 85.02 86.69 3.94 2.09 94.26 83.12
MS1MV2 90.63 90.77 95.03 91.92 92.09 2.04 1.88 95.59 93.66
WebFace4M 90.40 90.28 94.73 90.90 91.57 2.11 1.84 95.59 93.40
t
W
a
M
r

compared to when it is fine-tuned on SFace2. On the small bench-
marks, the model achieved an average accuracy of 90.46% when
fine-tuned on IDiff-Face, compared to 87.43% when fine-tuned
on SFace2. A similar trend is observed on the large benchmarks,
where the model fine-tuned on IDiff-Face achieved accuracies of
64.56% and 71.77% on IJB-B and IJB-C at a FAR of 1e−4, respec-
tively, while the model fine-tuned on SFace2 achieved accuracies
of 54.86% and 60.81% on the same benchmarks.

• Fine-tuning the larger ViT models of pre-trained DINOv2 and CLIP
consistently led to higher verification accuracies on most bench-
marks compared to their smaller counterparts. This is not the case
for the baseline models, where both the ViT-S and ViT-L demon-
strate competitive performance across various benchmarks. This
can be attributed to the fact that larger models are more prone to
overfitting when trained on smaller-scale datasets [10].

This investigation highlights the potential of synthetic data in en-
ancing the performance of foundation models for FR, demonstrating
uperior results compared to both pre-trained and baseline models.
urthermore, it encourages further exploration of additional synthetic
atasets for FR, such as DCFace [38] and the more recent ID3 [37].

5.5. Bias evaluations foundation models FR

We evaluated the baseline model, CLIP, and DINOv2 on the Racial
Face in the Wild (RFW) dataset [23] to assess the models’ bias and their
performance across different demographic groups. The RFW dataset
contains four testing subsets corresponding to:Caucasian, Asian, Indian,
and African demographic groups. Following [20,23], we reported the
results as verification accuracies in (%) on each subset and as average
accuracies to evaluate general recognition performance. To evaluate the
bias, we reported the standard deviation (STD) between all subsets and
he skewed error ratio (SER), which is given by
𝑚𝑎𝑥𝑔𝐸 𝑟𝑟𝑜𝑟𝑔
𝑚𝑖𝑛𝑔𝐸 𝑟𝑟𝑜𝑟𝑔

, (4)

where 𝑔 represents the demographic group, as reported in [20,21]. A
igher STD value indicates more bias across demographic groups and
ice versa. For SER, the model that achieved a value closer to 1 is less

biased. Table 6 presents the evaluation results on RFW. As baseline
9 
models, we report the results for ViT-S and ViT-L (noted as baseline)
rained from scratch on CASIA-WebFace, MS1MV2, and WebFace4M.

e also reported the results of DINOv2 and CLIP without fine-tuning
nd for the case where the models are fine-tuned on CASIA-WebFace,
S1MV2, or WebFace4M. One can observe the following from the

eported results in Table 6:

• Fine-tuning DINOv2 and CLIP improved the general recognition
performance on all demographics, in comparison to the case
where pre-trained DINOv2 and CLIP are used without fine-tuning.
These results are complementary to the ones reported in the
previous section.

• In general, the presented models achieved unequal verification
performances on different subsets of RFW, where all models
achieved their best verification performances on the Caucasian
subset. This can be observed from the high STD values (far from
optimal zero) and SER values that are far from 1. These observa-
tions are aligned with the previous works [18,20–23], reporting
bias in FR when trained/finetuned on unbalanced datasets. Po-
tential causes of this bias [73] link to the unbalanced training
datasets, model’s sensitivity to skin color [74] and/or hairstyles
[75]. The racial distribution of the current FR datasets [16,25,26]
used in the literature is not balanced with a majority of identities
being Caucasians [20,21,23]. For example, as reported in [23],
CASIA-WebFace [16] and MS-Celeb-1M [25], contain 84.5% and
76.3% Caucasians, 2.6% and 6.6 Asian, 1.6% and 2.6% Indian
and 11.3% and 14.5% African, respectively. This is also true for
the widely used WebFace260M [26] and its subsets, such as Web-
Face42M and WebFace4M, where the authors reported that the
majority of identities are Caucasian. The previous works [18,20–
23] reported that bias in these datasets would reflect in the FR al-
gorithms, leading to higher verification accuracies on Caucasians
compared to other ethnicities.

• Using CASIA-WebFace (0.5M images) for training/fine-tuning, the
fine-tuned DINOv2 and CLIP achieved higher recognition perfor-
mances than the baseline model trained from scratch. However,
DINOv2 and CLIP are slightly more biased than baseline models.
For example, the STD achieved by the baseline (ViT-S) was 4.38,
which is slightly lower than the 4.49 and 4.43 STD achieved by
fine-tuned DINOv2 (ViT-S) and CLIP (ViT-B).
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• The models trained from scratch on large-scale datasets, MS1MV2
(5.8M images) and WebFace4M (4M images) achieved higher
average recognition performances and lower standard deviation
(in most of the settings) than fine-tuned CLIP and DINOv2. For
example, using the ViT-L architecture trained/fine-tuned on Web-
Face4M, the baseline achieved an average accuracy of 93.80%,
in comparison to 93.43% and 91.57% achieved by DINOv2 and
CLIP, respectively. Also, in this case, the baseline model achieved
a lower STD (1.74) than DINOv2 (1.78) and CLIP (2.11).

• In general, fine-tuned DINOv2 achieved higher average accuracies
and lower STD than fine-tuned CLIP.

• Fine-tuning larger model architectures of pre-trained DINOv2
(ViT-L) or CLIP (ViT-L) achieved higher recognition accuracies
and lower STD than fine-tuning smaller architectures: DINOv2
(ViT-S) or CLIP (ViT-B).

• A higher STD and an SER further away from the optimal value of
1 indicate that there is more room for improvement in achiev-
ing uniform performance across demographics. SER values are
more sensitive to slight changes in the accuracy when the error
margins are small (see Eq. (4)). This causes models trained or
fine-tuned on MS1MV2 and WebFace4M to generally have higher
SER values compared to those trained or fine-tuned on CASIA-
WebFace, while typically maintaining a lower STD value. This is
primarily due to the higher accuracy range of the models trained
on the MS1MV2 and WebFace4M datasets (resulting in lower
errors), which makes the SER more sensitive to small performance
differences across demographic groups.

• When comparing the average verification performance on small
benchmarks and IJB-C between the same model trained on Web-
Face4M and MS1MV2, we observe that both have comparable
results in most settings. However, this observation does not hold
for the performance on RFW, as the models trained on MS1MV2
outperformed those trained on WebFace4M in all cases and some-
times by a significant margin. For example, the baseline ViT
large shows a performance gap of approximately 4%. This can
be attributed [23] to the identity overlap between RFW and
MS1MV2, a cleaned version derived from MS-Celeb-1M [25].

6. Conclusion

This paper was the first to propose and investigate the use of
oundation models for the task of FR. We additionally propose the

adaptation of the foundation models to this specific task under various
evels of data availability. Our experiments on multiple foundation
odels, training datasets, and a wide range of evaluation benchmarks

led to interesting conclusions, which are summarized as follows. The
studied pre-trained foundation models used as feature extractors with-
out fine-tuning, demonstrated relatively acceptable (far from random)
ccuracy on less challenging face verification benchmarks like LFW.
owever, they underperformed on more challenging benchmarks such
s AgeDB30, CALFW, IJB-B, and IJB-C. Our adaptation of founda-
ion models for FR showed that fine-tuning these models on even

small subsets of CASIA-WebFace, e.g. 1K identities, significantly boosts
their verification accuracy across benchmarks, outperforming models
trained from scratch on similar data subsets. Additionally, increasing
the dataset size (dataset width) or the number of images per identity
(dataset depth) enhances performance, demonstrating the scalability of
foundation models with diverse data availability. The results addition-
ally showed that, with a limited training dataset like CASIA-WebFace,
ine-tuning pre-trained foundation models outperforms training models

from scratch in recognition accuracy. However, when large datasets
MS1MV2 or WebFace4M) are available, training from scratch yields
ompetitive performance, though it incurs a significantly higher train-
ng computational cost compared to fine-tuning. This highlights the
mportance of selecting an appropriate training strategy according
10 
to the size of the dataset. Our bias evaluation results indicate that
ine-tuning foundation models enhance recognition performance across
emographics but introduces slightly more bias compared to baseline
odels trained from scratch, especially on smaller fine-tuning datasets.
odels trained from scratch on larger datasets (MS1MV2 and Web-

Face4M) achieved superior recognition accuracy and exhibited lower
ias. All models achieved their best verification performances on the
aucasian subset, which may be attributed to factors such as unbal-
nced training datasets, sensitivity to skin color, and hairstyles that are
verrepresented or underrepresented in the training datasets. Finally,
he effectiveness of synthetic data in improving the FR performance
f foundation models is demonstrated, as it outperforms both pre-

trained and baseline models. This also encourages further exploration
of additional synthetic datasets. The outcomes of this work set the stage
for broader adoption of foundation models as a basis for biometric
recognition, particularly in scenarios with limited data availability,
being aware of the technical and legal constraints on biometric data
collection and management.
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