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1Idiap Research Institute, Martigny, Switzerland
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Figure 1. Sample face images from the LFW dataset (first row) and their reconstructed versions by our attack (second row) based on
ArcFace embeddings. The values are cosine similarity of embeddings of the original and reconstructed face image.

Abstract

Face recognition systems extract embedding vectors from
face images and use these embeddings to verify or iden-
tify individuals. Face reconstruction attack (also known
as template inversion) refers to reconstructing face images
from embeddings and using the reconstructed image to en-
ter a face recognition system. In this paper, we propose
to use a face foundation model to reconstruct face images
from the embeddings of a blackbox face recognition model.
The foundation model is trained with 42M images to gener-
ate face images from the facial embeddings of a fixed face
recognition model. We propose to use an adapter (called
Face Adapter) to translate target embeddings into the em-
bedding space of the foundation model. The generated im-
ages are evaluated on different face recognition models and
different datasets, demonstrating the effectiveness of our
method to translate embeddings of different face recogni-
tion models. We also evaluate the transferability of recon-
structed face images when attacking different face recogni-
tion models. Our experimental results show that our recon-
structed face images outperform previous reconstruction at-
tacks against face recognition models. Project Page

1. Introduction

Face recognition systems tend toward ubiquity and are ex-
tensively used in various applications that require automatic
authentication, ranging from unlocking smartphones to bor-
der control. In these systems, a deep neural network is used
to extract an embedding vector (also known as a template),
which is stored in the database of the system during en-
rollment. Later during the recognition stage, the extracted
embeddings are compared with ones stored in the database
of the system. Hence, the extracted embedding vectors play
a pivotal role in the automatic recognition of subjects.

With the growing application of face recognition sys-
tems, the security of these systems has become a critical
topic and attracted considerable attention from the research
community [2, 6, 11, 14, 15, 17, 27]. Among different types
of attacks against face recognition systems, face reconstruc-
tion attacks (also known as template inversion) threaten the
security and privacy of subjects. In a face reconstruction at-
tack, the adversary gains access to face embeddings stored
in the database of a face recognition system and tries to
reconstruct the face image of enrolled users. The recon-
structed face images can provide privacy-sensitive (such as
age, gender, ethnicity, etc) information about the user, and
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in addition, can be used to enter the face recognition sys-
tem. Existing face reconstruction attacks in the literature
can be categorized into two groups: learning-based meth-
ods and optimization methods. In learning-based methods,
such as [5, 26, 38], a network is trained, on a dataset of
pairs of embeddings and images, to reconstruct face images
from the embeddings. In optimization-based methods, such
as [10, 44], usually a face generator model (such as Style-
GAN) is used and through an iterative optimization a latent
input is found to generate the reconstructed face images. In
each case, the attack requires large computation time for the
training (in learning-based methods) or the inference stage
(in optimization-based methods).

Recently, generative models have also absorbed much at-
tention, and there have been significant advancements in the
generation capabilities of these models. In a similar vein,
different researchers tried to develop large foundation mod-
els, which are trained on massive data and can be later used
for different applications. Recently, the first face foundation
model, called Arc2Face [33], was proposed in which the
CLIP [34] and Stable Diffusion [35] models were fine-tuned
on 42 million face images from WebFace260M dataset [49].
The resulting model is able to generate different face images
from embeddings of a fixed face recognition model while
preserving identity information. Therefore, the Arc2Face
model can be used as a foundation model in many problems
which require an identity-conditioned generator. For exam-
ple, the authors showed that the proposed method achieves
state-of-the-art performance in training face recognition us-
ing synthetic data. However, an important question is that
“given the considerable capabilities of foundation models,
can face foundation models threaten face recognition sys-
tems?”

In this paper, we focus on face reconstruction attacks and
propose a new method to reconstruct face images from dif-
ferent face recognition models using a foundation model.
We propose an adapter module (called Face Adapter) that
can map the face embeddings to the input space of the foun-
dation model. Then, the foundation model can be used
to generate face images from the given embeddings. The
adapter module enables the use of a foundation model for
embeddings of different face recognition models and pre-
vents the need for training a foundation model for a new
face recognition model. Therefore, an adversary can eas-
ily leverage the capabilities in the foundation model to per-
form a successful reconstruction attack in a blackbox sce-
nario. We perform extensive experiments using several face
recognition models on different face recognition datasets.
Furthermore, we explore the transferability of reconstructed
face images to enter a different face recognition system.
The experimental results demonstrate the effectiveness of
our reconstructed face images in attacking face recognition
systems and superiority compared to previous face recon-

struction attacks. Fig. 1 illustrates sample reconstructed
face images by our attack.

In summary, the contributions of this paper are as fol-
lows:
• We propose a simple yet effective adapter module to map

the face embeddings to the input of the face foundation
model. The adapter module enables the use of a founda-
tion model for embeddings of different face recognition
models and prevents the need for training a foundation
model for a new face recognition model.

• We propose a new face reconstruction attack against face
recognition systems using a foundation model. While the
foundation model can generate face images from embed-
dings of a fixed model, we use this model to reconstruct
face images from embeddings of any blackbox model. To
our knowledge, this is the first attack against face recog-
nition systems based on foundation models.

• We demonstrate the effectiveness of our reconstructed
face images with extensive experiments for different face
recognition models on different datasets. We also eval-
uate the transferability of reconstructed face images for
different face recognition models.
In the remainder of the paper, we first review related

work in the literature in Sec. 2. Next, we propose our
face reconstruction method based on a foundation model in
Sec. 3. In Sec. 4, we present our experiments and compare
our method with previous attacks in the literature. In Sec. 5,
we further discuss different aspects of our attack. Finally,
the paper is concluded in Sec. 6.

2. Related Work
Previous methods for reconstructing face images from
embeddings rely on training a neural network (learning-
based) or optimization techniques (optimization-based). In
learning-based methods, a set of face images is used to build
a training dataset by extracting their embeddings. Then a
network is trained to generate reconstructed face images
from embeddings. For example, in [5], a multi-layer per-
ceptron (MLP) and a convolutional neural network (CNN)
were trained to generate facial landmark coordinates and
face texture, respectively, from the embeddings. Then,
a differentiable warping was used to combine estimated
landmarks and generated textures and reconstruct a low-
resolution face image from embedding. Their method is
proposed for the whitebox face reconstruction attack, where
the adversary has full knowledge of the face recognition
model (i.e., network structure and its parameters). They
further trained MLP and CNN by minimizing the distance
between embeddings of reconstructed and original face im-
ages. However, for a blackbox attack, they trained MLP
and CNN individually, and used warping in the inference
only. In [26], two new deconvolutional networks, called
NbBlock-A and NbBlock-B, are proposed and trained with



pixel loss and perceptual loss to generate low-resolution
face images from embeddings in blackbox scenarios. In
[12], a bijection-learning-based method is used to train a
generative adversarial network (GAN). In whitebox attacks,
they trained the GAN model by minimizing the distance
between embeddings of original and reconstructed images.
For blackbox attacks, they used knowledge distillation to
train a student network from the face recognition model,
and then used the student network in their method. In [1] a
GAN-based face reconstruction network was proposed to
generate low-resolution face images in the blackbox sce-
nario. However, in contrast to other GAN-based methods,
sample reconstructed face images in their paper do not look
realistic and suffer from many artifacts. In [37], a CNN-
based face reconstruction network was trained with a proxy
face recognition network for blackbox face reconstruction
attacks against face recognition systems. Therefore, the re-
constructed face images were not realistic and had low res-
olutions.

Several works in the literature used pretrained face gen-
erative models and trained a mapping from face embeddings
to different layers of generative models. In [36], authors use
an adversarial training method to train a mapping from face
embeddings to the intermediate layers of StyleGAN3 [21].
While adversarial training leads to an effective mapping,
a stable training in an adversarial framework is a difficult
task. In [9], the authors proposed to generate some face im-
ages using StyleGAN2 [20] and extract the embeddings us-
ing the face recognition model. Then, they trained an MLP
network to map facial embeddings to the input latent codes
of StyleGAN2 [20]. In [39], authors used generated im-
ages by StyleGAN3 [21] and trained a mapping from face
embeddings of synthetic faces to the intermediate layers of
StyleGAN3. In [38] a semi-supervised learning approach
was used to find a mapping to the intermediate latent space
of EG3D [4]. Compared to other methods based on Style-
GAN, the method in [38] can generate face images from dif-
ferent points of view thanks to the generative model which
is based on neural radiance fields (NeRF). Therefore, the
authors proposed camera parameter optimization to find the
best pose which increases the attack rate.

In contrast to most work in the literature, some papers
used optimization techniques to find an input to a pretrained
StyleGAN model that can generate the reconstructed face
images. In [44], a grid-search optimization using the simu-
lated annealing [43] approach is used on the input of Style-
GAN2 [20] that generates the reconstructed face image in
blackbox attacks. A main drawback of optimization-based
methods is their high computation for generating face im-
ages. This can even cause difficulty in the evaluation of
such methods. For example, in [44], authors reported their
evaluation on only 20 face images, because of the exten-
sive computation requirement of the method in the inference

Table 1. Comparison with related works.

Ref. Resolution Method Available code
[5] low learning-based (MLP+CNN) ✗

[26] low learning-based (CNN) ✓

[12] low learning-based (GAN) ✗

[1] low learning-based (GAN) ✗

[37] low learning-based (CNN) ✓

[36] high learning-based (StyleGAN) ✓

[9] high learning-based (StyleGAN) ✓

[39] high learning-based (StyleGAN) ✓

[38] high learning-based (EG3D) ✓

[44] high optimization-based (StyleGAN) ✓

[10] high optimization-based (StyleGAN) ✓

[Ours] high learning-based (Arc2Face) ✓

stage. In [10], optimization on the input of StyleGAN2 [20]
was also used, and the authors used the standard genetic al-
gorithm [42] to solve the optimization.

Tab. 1 compares our proposed method with the previ-
ous works in the literature. All previous methods require
large computation, either in the training (learning-based
methods) or inference stage (optimization-based methods).
However, our method benefits from the capabilities of a
foundation model and requires less computation resources
for the adversary. We should note that our method also re-
quires training of the adapter module. However, compared
to previous learning-based methods which require end-to-
end learning, training the adapter module in our method is
stable and computationally efficient. To our knowledge, our
proposed method is the first attack against face recognition
systems using face foundation models.

3. Face Reconstruction Attack using Founda-
tion Models

3.1. Threat Model
We consider a face reconstruction attack against a face
recognition system based on the following threat model:
• Adversary’s goal: The adversary aims to reconstruct a

face image from a leaked face embedding eleaked, and use
the reconstructed face image to enter a target face recog-
nition system Ftarget system.

• Adversary’s knowledge: The adversary is assumed to
have the following information:
– The adversary knows a face embedding eleaked, which

is leaked from database of a victim face recognition
system Fvictim.

– The adversary has a blackbox access (such as SDK,
API, etc.) of the feature extractor model Fvictim of
the face recognition system from which the embedding
eleaked is leaked.

• Adversary’s capability: The adversary can use the recon-
structed face image to enter the target face recognition
system. For simplicity, we assume that the adversary can
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Figure 2. Block diagram for our face reconstruction attack

inject the reconstructed face image as a query to the target
face recognition system.

• Adversary’s strategy: The adversary’s strategy is to use a
foundation model to reconstruct the underlying face im-
age from the leaked embedding eleaked. Then, the adver-
sary can use the reconstructed face images to enter the
target face recognition system Ftarget (Fig. 2).
We should note that in our threat model, the victim

face recognition system Fvictim from which the embedding
eleaked is leaked can be the same or different than the tar-
get face recognition system Ftarget system. The latter case
(i.e., Fvictim ̸= Ftarget) is a more difficult scenario, where
we assume that the same subject is enrolled in another face
recognition system with a different feature extractor, and we
would like to see if the reconstructed face images from em-
beddings of Fvictim are transferable and can be recognized
by a different face recognition model (Ftarget).

3.2. Face Reconstruction
As discussed earlier, Arc2Face [33] is capable of generating
identity-consistent images given an embedding of a specific
face recognition model FFM. Their pipeline includes a mod-
ified CLIP [34] model to accept face embeddings from the
face recognition model (FFM) and a Stable Diffusion [35]
UNet decoder. This pipeline is end-to-end trained on an up-
scaled version of WebFace42M [49], resulting in the gen-
eration of high-quality, identity-consistent images. It is ev-
ident that this model can be readily used for inverting the
embeddings of FFM, as it is specifically trained for those
embeddings. The face recognition model FFM used to train
Arc2Face has a ResNet100 backbone and is trained with
WebFace42M [49].

To attack any blackbox face recognition system, one
would need to redo the entire process of adapting a large
model on a large-scale dataset, which is impractical. In this
work, we propose a simple approach to adapt this model for
reconstructing images from embeddings of any face recog-
nition system (Fvictim).
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Figure 3. Training process of the adapter module. The parame-
ters of the models are obtained by minimizing MSE loss between
embeddings extracted by the (blackbox) victim face recognition
model and the face recognition model of the foundation model.

The main idea is to develop an adapter module that can
transform the embeddings from the space of the leaked em-
bedding into the embedding space of FFM, i.e.,

eleaked 7→ eFM (1)

Essentially, we propose to learn a mapping M which
would map the leaked embeddings to the embedding space
of FFM.

eFM = M(eleaked) (2)

We implement this mapping function, M, as a simple
linear layer. The parameters of this adapter layer can be
learned using a set of pairs of embeddings extracted from
Fvictim and FFM. For training the adapter network, we use
the Adam [23] optimizer with a learning rate of 10−3 for 20
epochs, employing Mean Square Error (MSE) as the loss
function. It is important to note that we just need blackbox
access to the victim model in this process (Fig. 3).



Given the adapter, inverting a leaked embedding from a
face recognition system involves first projecting it into the
embedding space of FFM and then reconstructing it with the
Arc2Face foundation model. Fig. 2 depicts our face recon-
struction attack.

4. Experiments
4.1. Experimental Setup
Face Recognition models In our experiments, we con-
sider different state-of-the-art face recognition models in-
cluding ArcFace [7], ElasticFace [3] with ResNet100 back-
bones as well as four different face recognition models
with state-of-the-art backbones from FaceX-Zoo [47], in-
cluding AttentionNet [45], HRNet [46], RepVGG [8] and
Swin [25]. Tab. 2 reports the recognition performance of
these models. All of these models are trained on the MS-
Celeb1M dataset [16]. Note that the face recognition model
FFM used in the Arc2Face model is also trained with Arc-
Face loss function, but on the WebFace42M [49] dataset. In
our experiments, we denote the face recognition model used
in the foundation model (i.e., trained with WebFace42M)
with FFM, and refer to the one trained with MS-Celeb1M
dataset [16] as ArcFace for a victim or target face recogni-
tion model. Although both the models are trained with the
ArcFace loss function, the latent spaces of these models are
not aligned due to the different initialization and training
datasets.

Datasets To train the adapter module, we use the Flickr-
Faces-HQ (FFHQ) dataset [19], which consists of 70,000
high-quality images collected from the internet (without
identity labels). All 70,000 images from the FFHQ dataset
are cropped and aligned using MTCNN [48]. We use
60,000 images for training and reserve the remaining
10,000 as the test set.

To evaluate the vulnerability of face recognition mod-
els, we use three benchmarking datasets, including MO-
BIO [28], Labeled Faces in the Wild (LFW) [18] and
AgeDB [29] datasets. The MOBIO dataset includes face
images of 150 people captured using mobile devices in 12
sessions for each person. The LFW dataset consists of
13,233 face images of 5,749 people collected from the in-
ternet, where 1,680 people have two or more images. The
AgeDB [29] dataset includes 16,488 images (in different
ages for each subject) of 568 famous people.

Evaluation Protocol For evaluation, we build a face
recognition system using one of the mentioned feature
extractors as Fvictim and train an adapter module for the
corresponding feature extractor. We use the benchmark-
ing datasets for the verification task (i.e., 1:1 matching)
and consider the enrolled embedding as leaked embedding

Table 2. Recognition performance of face recognition models in
terms of true match rate (TMR) at false match rate (FMR) of 10−3

evaluated on the MOBIO, LFW, and AgeDB datasets.

Face Recognition MOBIO LFW AgeDB
ArcFace 99.98 96.40 98.07
ElasticFace 100.00 94.70 97.57
AttentionNet 97.73 72.77 96.90
HRNet 98.23 78.43 96.23
RepVGG 95.80 58.07 93.93
Swin 98.98 87.83 97.10

which is used by the adversary for reconstruction attack.
After reconstruction, we inject the reconstructed face image
as a query to the feature extractor of the target system and
evaluate the adversary’s success attack rate (SAR) to enter
the target system. We should note that the target face recog-
nition system may have the same or different (i.e., transfer-
ability evaluation) feature extractor model that the system
from which the embeddings are leaked.

Implementation and Source Code Our experiments, in-
cluding training of adapter and comparison with previous
methods, are conducted on a system equipped with a single
NVIDIA RTX 3090 GPU. For the face foundation model,
we use a pretrained model of Arc2Face [33] in our experi-
ments and generate 512 × 512 resolution face images. The
source code of our experiments is publicly available1.

4.2. Analyze
Blackbox Attack We train adapter modules for different
face recognition models and use the adapter module along
with the foundation model to reconstruct face images from
embeddings of the MOBIO, LFW, and AgeDB datasets.
Tab. 3 compares the performance of reconstructed face im-
ages with previous methods in the literature in blackbox
face reconstruction attacks against different face recogni-
tion models. As the results in this table show our method
outperforms previous methods in the literature for different
face recognition models and on different datasets. Compar-
ing the results with the recognition performance in Tab. 2,
we can observe that a face recognition model with better
accuracy is more vulnerable to face reconstruction attacks.
Fig. 4 presents sample reconstructed face images in black-
box attacks against different face recognition models using
our method. The reconstructed images are of high quality
and accurately match the identities of the original images.

Transferability Evaluation To evaluate the transferabil-
ity of reconstructed face images, we use the generated
images to enter a different face recognition system (i.e.,

1Project page: https://www.idiap.ch/paper/face adapter
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Table 3. Evaluation of blackbox attacks against face recognition
models at FMR=10−3 on the MOBIO, LFW, and AgeDB datasets
in terms of success attack rate (SAR). In this experiment, the target
face recognition model is the same model from which the embed-
dings are leaked (i.e., Fvictim = Ftarget).

Dataset Method Victim Face Recognition
ArcFace El.Face Att.Net HRNet RepVGG Swin

M
O

B
IO

NBNetA-M [26] 2.86 10.0 4.76 4.76 6.19 6.67
NBNetA-P [26] 23.81 60.95 15.24 14.29 44.76 30.48
NBNetB-M [26] 20.95 30.0 21.43 25.24 21.43 27.62
NBNetB-P [26] 49.05 70.95 66.67 64.76 51.43 71.43

BIOSIG 2021 [9] 24.29 34.76 38.57 16.19 24.76 18.10
NeurIPSW 2021 [44] 69.52 74.29 55.71 43.81 39.52 70.00
Com. & Sec. 2023 [10] 87.62 90.95 80.48 71.90 44.29 82.38

IJCB 2023 [32] 80.00 86.67 81.90 85.24 70.95 84.76
NeurIPS 2023 [36] 81.90 89.05 81.43 86.19 58.10 90.48

GaFaR [38] 47.62 84.76 72.38 76.67 72.86 89.05
GaFaR + GS [38] 64.76 86.62 80.00 83.80 73.33 93.33

ICIP 2023 [37] 95.71 98.10 92.38 97.62 85.71 99.52
Face Adapter [Ours] 100.0 99.05 99.52 99.52 98.57 99.52

L
FW

NBNetA-M [26] 14.30 37.13 10.37 20.19 10.64 13.18
NBNetA-P [26] 35.61 60.05 6.80 16.83 26.44 25.92
NBNetB-M [26] 26.91 52.99 17.62 31.74 18.18 27.00
NBNetB-P [26] 61.66 81.74 43.42 56.30 38.12 61.02

BIOSIG 2021 [9] 28.21 34.56 19.17 24.87 14.76 26.62
NeurIPSW 2021 [44] 77.00 79.37 46.52 49.52 22.4 66.07
Com. & Sec. 2023 [10] 87.26 89.00 55.40 59.46 28.60 69.07

IJCB 2023 [32] 71.31 81.70 43.58 50.04 35.75 66.57
NeurIPS 2023 [36] 77.13 83.43 45.02 48.22 24.34 61.95

GaFaR [38] 51.78 74.54 33.59 37.80 25.40 67.11
GaFaR + GS [38] 61.56 78.67 38.42 43.27 29.84 70.82

ICIP 2023 [37] 90.67 92.27 62.20 68.99 44.56 82.21
Face Adapter [Ours] 95.71 93.18 78.71 80.66 67.11 88.44

A
ge

D
B

NBNetA-M [26] 0.81 2.55 0.22 0.38 0.44 0.27
NBNetA-P [26] 3.99 8.92 0.34 0.14 3.71 1.02
NBNetB-M [26] 1.88 6.27 0.50 0.77 1.06 0.68
NBNetB-P [26] 13.18 28.94 5.08 5.61 7.92 8.75

BIOSIG 2021 [9] 3.93 4.88 1.58 1.97 2.22 2.48
NeurIPSW 2021 [44] 29.64 34.89 15.06 12.02 14.49 21.10
Com. & Sec. 2023 [10] 58.80 66.10 36.82 32.45 14.98 37.81

IJCB 2023 [32] 57.94 76.98 49.92 50.57 48.36 59.95
NeurIPS 2023 [36] 48.57 64.89 26.26 29.39 19.15 30.63

GaFaR [38] 21.67 47.37 14.59 17.09 18.02 30.05
GaFaR + GS [38] 28.94 53.10 18.76 22.40 24.01 35.20

ICIP 2023 [37] 58.07 79.20 46.21 46.75 52.29 62.75
Face Adapter [Ours] 86.42 85.64 84.31 78.43 79.43 85.69

Fvictim ̸= Ftarget). Tab. 4 reports the transferability using
reconstructed face images from ArcFace embeddings (i.e.,
Fvictim) when attacking a different target face recognition
system (Ftarget), and compares it with different methods in
the literature. As the results in this table show, the recon-
structed face images are transferable and can be also used
to enter a different face recognition system. The results in
this table also show that our method outperforms previous
methods in transferability evaluation and demonstrates the
effectiveness of our reconstruction attack. Comparing the
results in Tab. 4 with our evaluation of blackbox attacks in
Tab. 3, we observe that for all methods, the transferability
evaluation leads to a lower success rate. We would like to

Table 4. Transferability evaluation (i.e., Fvictim ̸= Ftarget) of recon-
structed face images from blackbox attacks against ArcFace em-
beddings (Fvictim) for entering a different target face recognition
system (Ftarget) at FMR=10−3 on the MOBIO, LFW, and AgeDB
datasets in terms of success attack rate (SAR).

Dataset Method Target Face Recognition
El.Face Att.Net HRNet RepVGG Swin

M
O

B
IO

NBNetA-M [26] 0.0 0.0 0.0 0.0 0.0
NBNetA-P [26] 1.43 2.86 1.43 1.90 0.95
NBNetB-M [26] 4.29 3.81 4.29 1.90 4.29
NBNetB-P [26] 10.95 6.67 6.19 2.38 13.33

BIOSIG 2021 [9] 3.81 2.86 3.33 2.38 4.29
NeurIPSW 2021 [44] 17.14 5.71 10.48 3.81 13.81
Com. & Sec. 2023 [10] 37.61 26.67 30.48 19.52 40.00

IJCB 2023 [32] 74.76 59.52 59.52 55.24 68.57
NeurIPS 2023 [36] 73.81 54.29 57.14 44.29 67.14

GaFaR [38] 52.38 29.05 31.90 28.10 43.33
GaFaR + GS [38] 55.24 36.19 41.90 32.86 50.00

ICIP 2023 [37] 90.48 73.33 75.24 61.43 72.38
Face Adapter [Ours] 99.52 97.62 97.62 84.29 98.57

L
FW

NBNetA-M [26] 3.32 0.51 0.41 0.23 1.60
NBNetA-P [26] 8.56 1.22 1.44 0.76 4.79
NBNetB-M [26] 13.09 1.89 2.03 0.86 8.44
NBNetB-P [26] 34.41 7.21 7.77 4.06 23.82

BIOSIG 2021 [9] 6.25 2.12 1.70 1.39 6.22
NeurIPSW 2021 [44] 29.06 9.79 9.51 4.48 20.75
Com. & Sec. 2023 [10] 50.47 24.16 24.72 13.99 41.27

IJCB 2023 [32] 62.33 25.59 25.91 14.72 44.91
NeurIPS 2023 [36] 68.05 28.87 28.45 16.90 28.28

GaFaR [38] 43.59 14.58 14.77 8.42 29.69
GaFaR + GS [38] 47.57 17.13 17.35 10.11 33.16

ICIP 2023 [37] 51.93 87.28 56.62 31.23 72.73
Face Adapter [Ours] 92.40 73.40 76.24 52.54 86.70

A
ge

D
B

NBNetA-M [26] 0.73 0.04 0.12 0.20 0.10
NBNetA-P [26] 2.84 0.57 0.41 0.87 0.72
NBNetB-M [26] 2.21 0.53 0.67 0.70 0.52
NBNetB-P [26] 13.15 3.92 3.72 4.13 5.32

BIOSIG 2021 [9] 2.30 1.07 1.08 1.24 1.33
NeurIPSW 2021 [44] 17.74 8.19 7.84 8.14 9.80
Com. & Sec. 2023 [10] 30.52 17.26 16.27 18.79 18.87

IJCB 2023 [32] 39.39 16.11 15.29 18.09 21.83
NeurIPS 2023 [36] 41.30 16.10 14.77 17.33 22.04

GaFaR [38] 20.13 6.24 5.94 6.60 8.08
GaFaR + GS [38] 23.85 8.17 8.07 9.51 10.57

ICIP 2023 [37] 58.44 37.78 32.28 42.15 41.56
Face Adapter [Ours] 80.92 74.48 67.77 75.16 78.33

stress that the transferability of reconstructed images simu-
lates a very difficult attack scenario and further sheds light
on the vulnerability of face recognition systems.

Training Adapter Module and the Effect of Num-
ber of Images Compared to other methods which re-
quire long training (learning-based methods) or inference
(optimization-based methods) time, our method relies on
training a light adapter module to use a foundation model
for face reconstruction attacks. Our approach for training
the adapter module involves estimating a linear layer with
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Figure 4. Sample face images from the dataset (first row) and
their corresponding reconstructed face images using various meth-
ods. The values show the cosine similarity between embeddings
of original and reconstructed face images.

dimensions2 of 512× 512. Once we obtain the embeddings
from the FFM model and the victim model from a number
of images, the computation required to estimate these pa-
rameters is minimal. To assess the model’s performance
with varying amounts of training data, we conduct an ab-

2Note that face recognition models used in our experiment as well as
the one for foundation model FFM have embeddings with 512 dimensions.
However, a face recognition model with a different embedding dimension
can still be used and requires training an adapter module with correspond-
ing dimensions.

Table 5. Ablation study on the performance of adapter module
when trained with different numbers of training images and used
in blackbox attacks against different face recognition models at
FMR=10−3 on the LFW dataset in terms of success attack rate
(SAR). In this experiment, the target model is the same model from
which the embeddings are leaked. The training time of the adapter
module is also reported in seconds.

Number Training Face Recognition
of Images Time (sec) ArcFace El.Face Att.Net HRNet RepVGG Swin

500 0.32 89.30 80.2 57.40 48.04 43.70 73.79
600 0.38 90.78 82.88 64.01 56.88 50.07 78.59
800 0.49 92.66 86.28 70.64 64.92 55.36 82.35

1000 0.63 93.60 88.27 73.12 69.59 57.80 84.25
2000 1.23 94.82 91.41 77.02 77.52 63.03 87.25
5000 3.05 95.40 92.18 78.28 80.41 65.45 88.32
10000 6.05 95.69 92.95 78.53 80.55 66.71 87.97
15000 9.10 95.69 92.49 78.32 80.64 66.86 88.45

lation study by changing the number of training images.
For this evaluation, we use images from the FFHQ dataset
and evaluate the performance of adapters trained with dif-
ferent quantities of training samples in face reconstruction
attacks. Tab. 5 compares the performance of adapter mod-
ules trained with different numbers of images when used
in blackbox attacks against different face recognition mod-
els. As the results in this table show with more number of
images the performance of the adapter module increases.
However, 10,000 images are almost enough to train the
adapter module with close to maximum performance. Com-
pared with previous methods in Tab. 3 with only 600 train-
ing samples, the adapter module can outperform previous
methods in the literature. This table also reports the re-
quired time to train the adapter module for different num-
bers of images on a system equipped with an NVIDIA
GeForce RTXTM 3090. In fact, in contrast to the optimiza-
tion methods, the training of the adapter module is required
to be conducted only once for each model, and then the ad-
versary can use the trained adapter to reconstruct unlimited
leaked embeddings in a fraction of a second. Compared to
previous learning-based methods, the training time for our
adapter module is almost negligible to the training time of
all previous learning-based methods. We should note that
we report further ablation study in the supplement.

5. Discussion
Failure Cases Fig. 4 presents samples that have been suc-
cessfully reconstructed and identified with a high match
score as the original identities. Conversely, Fig. 5 illus-
trates some failure cases of our approach in blackbox attack
against ArcFace embeddings. Although the model attempts
to preserve the identity, it does not constrain the age, lead-
ing to inconsistencies. The model also struggles with ex-
treme expressions and poses, and in some instances, it fails
to preserve the ethnicity of the original samples. While the
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Figure 5. Sample failure cases: Images from the LFW dataset (first
row) and their corresponding reconstructed face images in black-
box attack against ArcFace. The values show the cosine similarity
between embeddings of original and reconstructed face images.

Figure 6. Samples of reconstructed face images with artifacts.

reconstructions are effective in terms of attack success rates,
these limitations suggest that the face embedding may not
capture sufficient details for certain attributes.

Another group of failure cases corresponds to images
that have artifacts in the generation using the Arc2Face
model. Fig. 6 illustrates such cases, where the generated
face images do not look realistic. The generation of these
samples can be caused by an error in translating embeddings
by our adapter module. In such a case, the generated em-
bedding by our adapter module may not fit the distribution
of embedding space of the foundation model, and therefore
the generator may generate out of distribution image.

Societal Impacts In this paper, we proposed an efficient
adapter module to map the embeddings of any face recog-
nition model to the embeddings space of Arc2Face as a
foundation model. The reconstructed face images by our
method have high quality and outperform the state-of-the-
art in the literature, demonstrating the effectiveness of our
adapter module. Our adapter module can be used in fu-
ture foundation models which are based on embeddings of
a preset face recognition model. Our experiments also show
that the reconstructed face images by our method using a
foundation can achieve high success attack rates when at-
tacking a face recognition system. The reconstructed face
images are also transferable and can be used to enter any
other system in which the subjects are enrolled. Our results
also shed light on the critical vulnerability of face recogni-
tion systems to face reconstruction attacks. While this work
is conducted with the motivation of showing the vulnerabil-

ity of face recognition systems, we do not condone using
our method with the intent of attacking a real face recogni-
tion system. In a similar vein, data protection regulations,
e.g., the European Union General Data Protection Regula-
tion (EU-GDPR) [13], classify biometric data as sensitive
information, and impose legal obligations to protect them.
To address and mitigate such attacks against biometric sys-
tems, several template protection methods are proposed in
the literature [22, 24, 30, 31, 40, 41]. We should also note
that the project on which the work has been conducted has
undergone and passed an Internal Ethical Review Board
(IRB).

6. Conclusion

The foundation models are trained with a large volume of
data and can be used in different tasks. In this paper, we
used a face foundation model and proposed a new face re-
construction attack against face recognition systems. While
the foundation model can generate face images given em-
beddings of a preset face recognition model, we trained
an efficient adapter module that can map embeddings of a
blackbox face recognition model to the embedding space
of the foundation model. Then, we can use the foundation
model to generate the face images from embeddings of vari-
ous face recognition models. Our experiments show that our
method outperforms previous face reconstruction methods
in the literature and demonstrate the effectiveness of our ap-
proach. In particular, the adversary requires a limited com-
putation resource to train the adapter module and then con-
duct the face reconstruction attack. The reconstructed face
images by our method are realistic and have high quality. In
addition, the reconstructed images are transferable and can
be used to enter any other system in which the same sub-
ject is enrolled. Our results show the serious vulnerability
of face recognition systems to face reconstruction attacks.
Moreover, the results achieved by training a light adapter
module in conjunction with a pretrained foundation model
shed light on the potential of foundation models and demon-
strate that the application of a pretrained foundation model
can be easily used with different face recognition models.
Hence, this paper paves the way for future studies on the
application of foundation models for various problems re-
lated to face recognition systems.
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El Shafey, and Sébastien Marcel. Session variability mod-
elling for face authentication. IET Biometrics, 2(3):117–129,
2013. 5

[29] Stylianos Moschoglou, Athanasios Papaioannou, Chris-
tos Sagonas, Jiankang Deng, Irene Kotsia, and Stefanos
Zafeiriou. Agedb: the first manually collected, in-the-wild
age database. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition Workshops, pages
51–59, 2017. 5

[30] Karthik Nandakumar and Anil K Jain. Biometric template
protection: Bridging the performance gap between theory
and practice. IEEE Signal Processing Magazine, 32(5):88–
100, 2015. 8

[31] Hatef Otroshi Shahreza. On the Information in Deep Biomet-
ric Templates: from Vulnerability of Unprotected Templates
to Leakage in Protected Templates. PhD thesis, EPFL, 2024.
8

[32] Hatef Otroshi Shahreza and Sébastien Marcel. Inversion of
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Abstract

In this supplement, we report further ablation studies to investigate the effectiveness of the adapter module and its struc-
ture. As a new experiment, we feed the leaked embeddings directly to the foundation model and evaluate the generated face
images, which demonstrates the effectiveness of our adapter module. We also consider adapter module with different num-
bers of layers and evaluate the performance of generated images. Furthermore, we report the success attack rate for smaller
values of False Match Rate (FMR), such as 10−4 and 10−5 on the MOBIO dataset, which includes images captured with
mobile devices. Project Page: https://www.idiap.ch/paper/face adapter

1. Ablation Study on the Effectiveness of the Proposed Adapter Module
To investigate the effectiveness of our proposed adapter module, we perform an ablation study, where we feed the embeddings
from different feature extractors directly to the foundation model (without the adapter module). In this case, the input is not
from the same space as the FFM, and therefore we can expect that the foundation model will generate images that do not have
similar identities. Tab. 1 of this supplement compares the success attack rate (SAR) of the reconstructed face images with and
without the adapter module. As the results in this table show, without using the adapter module the SAR values are almost
zero on all benchmark datasets. Fig. 1 of this supplement also illustrates sample face images using the foundation model
with and without the adapter module. This experiment demonstrates the effectiveness of our adapter module, which enables
us to use the foundation model with any arbitrary face recognition model. For the particular case of ArcFace as target/victim
model, we should emphasize that the model is different with the face recognition of foundation model FFM. As described in
section 4.1 of the paper, the face recognition model FFM used in the foundation model is trained with WebFace42M, while
the model used as victim or target face recognition model is trained with MS-Celeb1M dataset. Although both the models
are trained with the ArcFace loss function, the latent spaces of these models are not aligned due to the different initialization
and training datasets. Hence, as the results in Tab. 1 show, if we do not use the adapter module, the foundation model cannot
successfully reconstruct face images.

Table 1. Evaluation of blackbox attacks against different face recognition models in terms of success attack rate (SAR) with and without
adapter module at the false match rate (FMR) of 10−3 on the LFW dataset. In this experiment, the target face recognition model is the
same as in the system from which the embeddings are leaked (i.e., Fvictim = Ftarget).

Victim Face Recognition
ArcFace ElasticFace AttentionNet HRNet RepVGG Swin

with adapter 95.71 93.18 78.71 80.66 67.11 88.44

without adapter 0.07 0.01 0.02 0.01 0.01 0.05

https://www.idiap.ch/paper/face_adapter
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Figure 1. Sample face images from the LFW dataset (first row) and their reconstructed versions using adapter (second row) and without
adapter (third row) from ArcFace embeddings. The values are cosine similarity of embeddings of the original and reconstructed face image.

2. Ablation Study on the Structure of Adapter Module
In our experiments in the paper, we considered the adapter module containing a single-layer network. As another experiment,
we perform an ablation study on the structure of the adapter module with different numbers of layers. We consider the adapter
module with two-layer and three-layer network structures (with the same number of neurons in the middle layers). Tab. 2 of
this supplement reports the performance of the reconstructed face images for adapters with different numbers of layers on
the LFW dataset. As the results in this table show only a single linear can achieve very good performance and increasing
the depth of the network does not improve the performance. We can explain this with the fact that we assume the face
embeddings of each face recognition on a hypersphere, where for each face recognition model different identities cover the
surface of the corresponding hypersphere and have angular distances between each two identities (calculated with cosine
similarity of embeddings for the matching). Therefore, we almost need to perform a simple linear transformation to map the
hypersphere of embeddings for different face recognition models. However, increasing the dimension of the adapter module
increases the complexity of the adapter and causes it to overfit.

Table 2. Evaluation of blackbox attacks against different face recognition models in terms of success attack rate (SAR) using different
structures for adapter module at the false match rate (FMR) of 10−3 on the LFW dataset. In this experiment, the target face recognition
model is the same as in the system from which the embeddings are leaked (i.e., Fvictim = Ftarget).

Adapter Victim Face Recognition
ArcFace ElasticFace AttentionNet HRNet RepVGG Swin

1-layer 95.71 93.18 78.71 80.66 67.11 88.44

2-layer 95.70 92.53 78.03 79.16 64.66 87.84

3-layer 94.07 88.07 70.41 61.94 55.59 81.61

3. Reconstruction Performance for Low Values of FMR
In our experiments, we reported the success attack rate (SAR) for face recognition systems configured at False Match Rate
(FMR) of 10−3. Tab. 3 of this supplement reports the vulnerability of face recognition models for lower values of FMR on
the MOBIO dataset (captured with mobile devices). As the results in this table show, for lower FMR values, the reconstructed



Table 3. Evaluation of blackbox attacks against different face recognition models at different false match rate (FMR) values on the
MOBIO dataset in terms of success attack rate (SAR). In this experiment, the target face recognition model is the same as in the system
from which the embeddings are leaked (i.e., Fvictim = Ftarget).

FMR Victim Face Recognition
ArcFace ElasticFace AttentionNet HRNet RepVGG Swin

10−3 100.0 99.05 99.52 99.52 98.57 99.52

10−4 100.0 98.57 97.62 99.05 97.14 99.52

10−5 100.0 97.14 96.19 98.57 95.24 99.05

face images can still achieve considerable SAR values, which indicates serious vulnerability in face recognition systems.
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