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Abstract

Recently, productization of face recognition and identifi-
cation algorithms have become the most controversial topic
about ethical AI. As new policies around digital identities
are formed [22], we introduce three face access models
in a hypothetical social network, where the user has the
power to only appear in photos they approve. Our approach
eclipses current tagging systems and replaces unapproved
faces with quantitatively dissimilar deepfakes. In addition,
we propose new metrics specific for this task, where the
deepfake is generated at random with a guaranteed dissim-
ilarity. We explain access models based on strictness of the
data flow, and discuss impact of each model on privacy, us-
ability, and performance. We evaluate our system on Fa-
cial Descriptor Dataset [61] as the real dataset, and two
synthetic datasets with random and equal class distribu-
tions. Running seven SOTA face recognizers on our results,
MFMC reduces the average accuracy by 61%. Lastly, we
extensively analyze similarity metrics, deepfake generators,
and datasets in structural, visual, and generative spaces;
supporting the design choices and verifying the quality.

1. Introduction

Face recognition and identification have been one of the
most interesting research topics in computer vision [71].
Although the research has contributed to the collective
knowledge; the applications have been controversial be-
cause of maleficent motivations, deployment of immature
products, and bias in data and algorithms. Furthermore,
consequences of these faulty products mostly remained un-
punished due to the lack of cyber laws around digital iden-
tity. Early Google products tagging some skin tones as non-
human [3], Meta being forced to delete 2 billion face em-
beddings [1], or ClearView AI aiming to encode every hu-
man’s face [2] are just the tip of the iceberg when it comes to
facial identity preservation and the impacts of lack thereof.

As a defense mechanism, counter manipulation tech-

niques such as blurring [64], masking [57], and noise addi-
tion [66] encounter traditional face recognition. Similarly,
adversarial generation and confiscation methods [15, 72]
are developed for tricking deep learning based face detec-
tion and recognition systems. Although effective, these
approaches disable face recognition by altering the image
content, thus, it is a matter of time that face recognition
algorithms are trained and armed against adversarial at-
tacks [70, 35]. Joining these two fronts, our approach can be
thought as a based-on-need masking mechanism that does
not break the image continuity, and misleads face recogni-
tion systems with fake faces, using deepfakes for good.

We would like to demonstrate this privacy enhancing
deepfake scenario on a new form of social network. In cur-
rent social platforms, access rights are defined per image,
which friends (or connections) are allowed to see. How-
ever, we all appear in hundreds of photos voluntarily or in-
voluntarily, we believe that the access rights should be de-
signed per face, where everyone has freedom over which
photos they appear. In current systems, this is poorly han-
dled with tagging/untagging choices, however the photo,
and the faces, live on the platform forever even if all faces
are untagged. The basic principle behind ”My Face My
Choice” (MFMC) is that, your face is replaced with a dis-
similar enough deepfake in the view of those you do not
grant access. We quantitatively analyze and verify that cre-
ated deepfakes (1) are not similar to the original face by the
embedding distance, (2) are not similar to any other face
by using synthetic source images, (3) approximate the orig-
inal age and gender in the image by the selected distance
metric, and (4) preserve the original head-pose and expres-
sion by the selected generator. Depending on three access
levels providing contextual integrity, we propose solutions
with different restrictions where the face embedding may
only be stored on the client. Our contributions are listed as:

• A novel privacy enhancing anonymization system with
quantitatively dissimilar deepfakes,

• Quantitative analysis of deepfakes in image, structure,
embedding, reconstruction, and generative spaces, and
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Figure 1. Our anonymization system masks faces with quantitatively dissimilar deepfakes in social photos, according to the friend graph
and access rights. Here, A uploads a photo, B-F sees versions where non-friend faces are faked, and G sees everyone as fakes.

• Design and analysis of the system based on face access
rights on a social photo sharing network.

MFMC can create deepfake versions of photos with
more than 20 people, based on complex access rights given
by people in the photo. In addition, we sketch these face ac-
cess priorities in three levels to enable isolation of the face
embedding versus detection and elimination of the face em-
bedding. We use a diverse social image database [61] for the
real dataset, and we evaluate MFMC using two fake datasets
(i) 10,000 deepfakes created by StyleGAN [29] with ran-
dom distribution, and (ii) 10,000 deepfakes created by Gen-
erated.Photos [27] with equal distribution across skin tones
and genders. We analyze our system using four different
GANs, with five distance metrics, and against seven face
recognition approaches. We believe that MFMC is the first
approach to extensively utilize face embeddings to create
useful deepfakes as an adversary to face recognition.

2. Previous Work
2.1. Face Recognition and Identification

As a structured domain with lots of data, faces have been
the most interesting playground for detection, recognition,
and identification algorithms since Viola and Jones [63].
Early systems, deploying those algorithms without proper
generalization and accuracy guarantees, caused universal
consequences as mentioned in the introduction.

Using a set of known faces from their training process,
current state-of-the-art face identification algorithms [39, 5,
34, 65, 37] try to find the identity of the test sample by cal-
culating its deep feature representation. While training, ev-
ery face identification network is trained with an appropri-
ate loss function such as angular loss [37] or softmax [65],

that minimizes deep feature distances between faces of the
same person and maximizes it between faces with differ-
ent IDs. During inference, test sample’s deep feature repre-
sentation is computed and used in a one-to-many similarity
comparison with known faces to determine its ID. If the dis-
tance is smaller than a threshold, face identification network
will predict both faces to belong to the same person.

Parallel to deep learning increasing the power of such
face recognition systems [60, 67, 37, 39, 5, 34], novel
open-source systems [6, 60, 53, 14] and proprietary soft-
ware [4, 42] emerge for face detection and identification.
As these systems become more popular, privacy implica-
tions [47, 26] and impacts on critical populations [8, 19, 74]
of such have also been analyzed closely.

2.2. Face Generation and Deepfakes

Generative Adversarial Networks (GANs) [20] has been
the stepping stone for creating realistic human face images
that are difficult to visually discern from real faces [44].
Since then, the realism and resolution of the images signifi-
cantly increased due to changing the generator from getting
input latent code only, to the beginning of the network as
an input, and then using mapping networks that transform
the latent code to transmit into multiple layers of the net-
work [28]. In this process, style concept emerged to control
these layers with adaptive instance normalization [16, 25].
Other recent trends in face generation include providing ad-
ditional noise maps to the generator to increase variabil-
ity [55, 29]. There has also been some GANs that aim to
create privacy-preserving faces or face masks [40, 26, 24].

Recent advances in face generation allowed easier and
realistic generation of deepfakes and other facial manipula-
tions. These manipulations and deepfakes can be grouped in
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four main categories as (1) novel face synthesis [28, 29] in-
cluding responsible generation [13], (2) identity swap [33,
38, 46, 9, 45], (3) attribute manipulation [25], and (4) ex-
pression modification [62]. Our system utilizes the results
of (1) as the source for non-existing faces to create deep-
fakes and the GANs in (2) for creating deepfakes with the
same expressions, poses, and attributes.

2.3. Privacy Preserving Faces

Overall, face biometrics is one of the most personally
identifiable information that is released without proper ac-
cess rights [41]. As an adversary to face recognition, face
obfuscation methods such as blocking and blurring [64],
noise addition [66], and inpainting [57] have been proposed.
However, such approaches break the continuity of the im-
age and reveal that the image is obviously altered. In con-
trast, de-identification and anonymization approaches keep
the image intact and modify the face to trick the recogni-
tion systems. Such methods are proposed on images [43]
and videos [18]; using model-based [21], GAN-based [68],
or hybrid [58] approaches; for face detection [7], action
recognition [51], and annotation [56]. Our approach is also
a privacy-preserving system, however it works in a multi-
person setting based on access rights and social graphs,
bridging the gap between privacy-preserving algorithms
and real-world platforms.

2.4. Adversarial Attacks

Another perspective in breaking face identification algo-
rithms, especially for deep learning based methods, is ad-
versarial attacks. Similar to the approaches in the previous
section, adversarial attacks also change the image content,
mostly in the reconstruction and generative spaces, instead
of directly swapping the face. These attacks may be image
perturbations [48], poisoning attacks on training data [73],
or cloaking images right after capture [54]. Algorithmic
manipulations and basic adversarial attacks are shorter term
solutions for the ever-improving GANs, so we choose the
path of “creating as many fake faces as possible” to explode
the embedding space of face recognition approaches.

3. Privacy Enhancing Deepfakes
The main motivation of MFMC is to keep the face im-

ages and face embeddings as local as possible, using the
social graph and the access rights set by the users. In a nut-
shell, when an image is uploaded from the client, the friends
(i.e., users connected to the uploader) are optionally tagged.
Remaining faces in the photo are replaced with deepfakes
and the image is sent to the server with this metadata. The
tagged friends see others based on their friendship and out-
siders see everyone as fakes. In this section, we describe
the deepfake target selection metrics, deepfake creation pro-
cess, and the design of face access rights.

3.1. Target Face Query

Anonymization of a face through deepfakes requires re-
placing the source face with another face that fits the same
facial frame in a realistic way. The new face needs to be
different enough for the anonymization to be successful. In
order to define this difference, we need a comparison metric
which yields similar enough faces for contextual and visual
continuity, and dissimilar enough to confuse face recogni-
tion systems. As the image space is prone to misalignment,
illumination, and noise, we proceed with the face embed-
ding space, where we also preserve main face attributes
such as age and gender. In our framework, we use Ar-
cFace [14] to extract face embeddings with 512 features.
ArcFace, using a novel loss function, optimizes feature em-
beddings to enforce higher similarity for intra-class samples
and diversity for the inter-class samples. Moreover, we uti-
lize InsightFace [23] to perform gender and age based clas-
sifications to store the similarity in the latent space. Note
that this classification is neither exposed, nor used explic-
itly in our system, it is only stored as a direction in the latent
space to define the similarity bounds. Experiments in other
metric spaces are documented in Sec. 4.1.3.

Having computed face embeddings, we need a metric to
compare two embeddings in order to query the “best” syn-
thetic face as a replacement for the original face. We exper-
iment with (1) minimizing the embedding distance for find-
ing the closest face, (2) maximizing the embedding distance
for finding the furthest face, (3) minimizing the embedding
distance along the age and gender directions in the latent
space as for finding the closest face with similar general at-
tributes, (4) maximizing the embedding distance along the
age and gender directions in the latent space for finding the
furthest face with similar general attributes, (5) randomiz-
ing (2) within a plausible threshold to diversify the created
samples, and (6) randomizing (4) within a plausible thresh-
old to diversify the created samples. These choices are fur-
ther evaluated in Sec. 4. Based on the motivation of “creat-
ing as many fakes as possible” the randomization is needed
and the dissimilarity threshold ensures that the deepfake is
still not recognizable as the source face. Overall, the set of
target faces are created as,

T (S) = {Ii ∈ I} where (1)
||E(Ii)− E(S)|| >

max(||E(Ij)− E(S)||)− σ(||E(Ij)− E(S)||)
∀j ∈ I

where I = I0, I1, . . . , IN represents all images in the syn-
thetic dataset, S is the real source image, and T (S) is the
target image set. ||.|| denotes ℓ2 distance, E(.) is the face
embedding, and σ is the standard deviation.
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3.2. Deepfake Generation

In our framework, anonymization of a face requires a
deepfake technique that fulfills transferring the identity of a
synthetic target face into to the original source face while
preserving extrinsic attributes such as expression, head
pose, gaze direction, and lighting. In addition, the deepfake
generator should be able to apply this process to multiple
faces independent of occlusions and interactions.

The traditional deepfake creation with a common en-
coder and identity-specific decoders is not generalizable
for this task as training an identity specific decoder re-
quires multiple images with various poses. Multiple face
requirement multiplies the need for compute resources and
needs storing face decoders. As storing faces and identi-
ties conflicts with our main motivation, we cannot use tradi-
tional deepfakes. Overall, the deepfake generator (i) should
be generalizable, working with any face (both as a source
and a target) without any prior training, (ii) should change
the identity of the source with the target significantly, (iii)
should preserve facial and environmental attributes such as
facial expression, head pose, gaze direction, lighting con-
sistency, and (iv) should not create visible artifacts.

To satisfy these requirements, we integrated multiple
deepfake generators into our framework. For 3D face model
based approaches, Nirkin et al. [46] morph a 3D face model
created from a source image into target face’s expression
values and use Poisson Blending to merge the two mod-
els. FTGAN [38] applies Few-Shot Unsupervised Image-
to-Image Translation [36] and combines it with SPADE [49]
module in order to inject semantic priors for face-swapping.
FSGAN [45] uses a two-stage network architecture. While
the first stage network performs the expression transfer with
the reenactment process, second stage blends the result of
first stage network into target image using face inpainting.
Lastly, we integrated SimSwap [9], which is a modifica-
tion of the traditional deepfake method with an ID injection
module for generalization to arbitrary faces. It also uses
weak feature matching loss to realistically reflect the facial
attributes while still preserving the source identity infor-
mation. We evaluated these methods (Sec. 4.1.1) and con-
cluded that SimSwap provides the best results on different
datasets, measured by five different losses.

3.3. Face Access Models

The ability to generate deepfakes must be accompanied
by a capable access model to strike a proper balance be-
tween the desire to participate in social media and to pre-
serve individual privacy. Furthermore, it needs to accom-
modate varying degrees of privacy needs, instead of impos-
ing a one-size-fits-all solution. We assume that social plat-
form operators are willing participants in MFMC with in-
centives to improve user privacy and abide by their privacy
guidelines. MFMC supports the following access models:

3.3.1 Disclosure by Proxy

In this model, all the faces in a picture except the ones cho-
sen by the individual that uploads it to the social media plat-
form are deepfakes. This is disclosure by proxy because
anybody who is in the picture and wishes to reveal their real
face must be allowed by the original submitter. Once the
picture with real and deepfake faces are finalized, the client
disposes of the original picture.

The privacy of individuals depend on the submitter re-
specting others’ consent, or lack thereof, to have their real
faces revealed. Since none of the real faces remain on
the platform, this model extends the privacy protection of
MFMC against information leakage where the social media
platform is compromised. In addition, no extra persistent
storage is necessary on the client for face embeddings, or on
the server as only the deepfake version of a photo is kept.

3.3.2 Disclosure by Explicit Authorization

This access model incorporates the tagging feature available
in most social media platforms, in which tagging establishes
a link between the face and a user. Typically, the platform
then requests the consent of the tagged person to be associ-
ated with the face. We build on this feature such that when
the users consents, deepfake is not created. Likewise, when
a tag is removed, the platform replaces the real face with a
deepfake. All non-tagged faces are deepfakes by default.

Since the platform strictly requires individual consent for
a face to be tagged, accidental disclosure by a proxy is not
possible unlike in the previous access model. Individuals
that do not have accounts on the social media platform, but
have faces captured in a picture with or without consent,
remain anonymous as their faces are always protected by a
deepfake. Given the fluid nature of tag/untag operations, the
platform must keep a permanent copy of all the real faces
both to generate deepfakes for and to restore as necessary.

Figure 2. Workflow for a three user network. Green does not
allow being seen by anybody, so its face embeddings are never
shared, and it is always deepfaked on client. Blue grants to be
seen by everyone, so it is always real. Orange only wants to be
recognized by friends, so its face embedding is only shared with
friends, and is deepfaked by the server at render time, per viewer.
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Figure 3. MFMC Results per Similarity Query. Source images and corresponding deepfakes created from closest/furthest/random target
queries, and restricted by age and gender groups, are demonstrated.

Every tag/untag operation triggers a regeneration of the
picture, thus, the performance requirements are higher com-
pared to the previous model. The storage demands are also
increased due to the need for persistently storing the origi-
nal picture as well as the deepfake versions.

3.3.3 Access Rule Based Disclosure

Similarly to the previous model, all unknown faces are
deepfakes by default during upload. Face embeddings of
permitted friends/followers are kept on device, and if a face
embedding is not on the device at upload time, it is un-
known. Unlike the previous model, at render time, the plat-
form consults a set of access rules supplied by face owners,
to decide whether their face should be revealed (Fig. 2).

In their simplest form, access rules would allow a user
to specify how their face should be revealed to friends or
followers versus the general public. More sophisticated ac-
cess rules could enable finer-grain control, allow different
deepfakes for different observers, and possibly more.

The dynamic nature of different viewers possibly observ-
ing different versions of the same picture comes at the cost
of increased storage and computation demands. More com-
plex access rules demand more storage and computation.

4. Results
MFMC is implemented using InsightFace [23] library

for face detection (which employs a pre-trained version of
arcface [14]) and SimSwap [9] library for deepfake genera-

tion. We empirically selected InsightFace as a fast and accu-
rate detector over OpenFace [6] and FaceNet [53], however
the face detector can be swapped if the speed vs. accuracy
trade off changes. Inference and training modules run on
an NVIDIA GTX 1060 GPU. For the real dataset covering
many social interactions in crowded environments, we uti-
lize “party” subset of Facial Descriptors Dataset [61]. The
dataset includes many configurations of 1282 people in 193
images, with various resolutions, poses, and illumination.
In order to create the face manifold for MFMC to choose
source images from, we use two datasets with unknown and
uniform distributions. The first one contains 10,000 fakes
created with StyleGAN [29], and the second one contains
10,000 fakes with equal skin tone, gender, and age distribu-
tions created by Generated.photos [27]. The similarity met-
ric is face embedding distance unless otherwise is noted.

Fig. 3 contains MFMC results for an uploaded photo.
For each face, we show the chosen target image from Style-
GAN dataset and the created deepfake, according to four
metrics as explained in Sec. 3.1. As seen in the furthest
target image of Person 4, opposite genders may be chosen
if there is no age and gender normalization. Similarly, as
in the closest target image of Person 1, the deepfake may
be too similar. Normalized furthest images with a random-
ness interval creates quantitatively dissimilar deepfakes as
demonstrated in the last column. Note that in this access
level, all faces except the owner are replaced, however only
four of them are analyzed in detail here. Additional MFMC
samples per target query type can be explored in Fig. 7.
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Figure 4. GAN Comparison. Six sample target-source pairs iden-
tified by MFMC (left) and corresponding results by 4 GANs are
compared in PSNR, SSIM, RMSE, FID, and embedding spaces.

4.1. Experiments

The quality of MFMC photos depends on the photoreal-
ism of the underlying GAN and the target image datasets.
In addition, the similarity metric for target query affects the
diversity and credibility of the results.

4.1.1 GAN Comparison

In Fig. 4, we compare four face generators (FTGAN [38],
FSGAN [45], FaceSwap [46], and SimSwap [9]) with five
quality metrics (PSNR, SSIM, and RMSE in image space;
and FID and face distance in embedding space), on six
MFMC results. On the left of each row, we demonstrate
the target from StyleGAN dataset (top) and the source (bot-
tom) from the party dataset, followed by the result created
by each GAN and their scores. We observe that SimSwap
results score as the most preferable (colored in green). Note
that image and face based metrics should be evaluated to-
gether, otherwise obvious rotation/cropping artifacts as in
the fourth sample may be missed. We emphasize that Sim-
Swap creates deepfakes faithful to source resolution (row
2), source headpose and expression (row 4), target race (row
5), and target accessories (row 3). Extending this compari-
son to the whole dataset, we conclude that SimSwap gener-
ates the highest scoring fakes in all metrics.

Figure 5. Random and Balanced Datasets. Embedding distance
distribution and age distribution of the two datasets are compared.

4.1.2 Dataset Dependency

As the source repository, we utilize two different synthetic
datasets. StyleGAN dataset does not have a predefined dis-
tribution of the faces, it contains randomly generated faces
in terms of age, gender, and skin tones. On the other hand,
Generated.photos dataset has equal distribution in terms of
the ranges for the aforementioned categories. This differ-
ence is reflected in the distributions depicted in Fig. 5, and
having a uniform range of attributes help MFMC create di-
verse samples. In contrast, distributions are more similar in
terms of embedding distances, which reflects that MFMC is
not affected by different datasets for target queries.
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4.1.3 Similarity Metric Selection

We select a sample photo with five people to show the ef-
fects of similarity metrics for target image query. Fig. 6
gathers furthest target images per source, where the dissim-
ilarity is defined by face embedding distance, FID, RMSE,
SSIM, and PSNR in each row. To coherently compare the
metrics, (1) we discard the randomness interval by using the
most dissimilar and (2) we use the aforementioned equal
distribution dataset. Visually and quantitatively the most
dissimilar is demonstrated to be the face embedding metric
in the first row, whereas FID creates a non-uniform mani-
fold with extrema, RMSE and SSIM weighs headpose and
alignment, and PSNR weighs color.

Figure 6. Similarity Metric Comparison. Source (first row) and
queried target images per five different metrics are demonstrated.

.

4.2. Evaluation

We evaluate the success of MFMC by the reduction of
overall face recognition accuracy and by visual comparison
to existing privacy preserving face altercations.

4.2.1 Breaking Face Recognition

Following the main motivation of MFMC, we want to pre-
vent mainstream face recognition systems from identifying
faces. To support this motivation, we test seven state of the
art face recognition systems (DeepID [59], OpenFace [6],
DeepFace [60], FaceNet [53], FaceNet512 [53], DLib [30],
and ArcFace [14]) on 1282 faces in 193 images created

Face Source vs. Target Source vs. Result
Detector Furthest Random Furthest Random

FaceNet512 0.001 0.0 0.14 0.16
OpenFace 0.001 0.002 0.2 0.23
FaceNet 0.03 0.02 0.32 0.34

DLib 0.02 0.05 0.35 0.45
ArcFace 0.06 0.04 0.36 0.45
DeepID 0.006 0.01 0.54 0.55

DeepFace 0.04 0.06 0.57 0.55
Average 0.02 0.02 0.35 0.39

Table 1. Face Recognition Accuracies after MFMC. Seven
SOTA approaches are compared on MFMC results based on face
identification accuracy, which is reduced by 61% on the average.

by MFMC. We use per-detector thresholds on the cosine
distance between the face descriptors of source vs. target
(query synthetic face) and source vs. result (created deep-
fake) faces from each face detector to decide if they belong
to the same person. Tab. 1 documents face recognition ac-
curacies which MFMC reduces by 61% on the average (last
col.), and by 65% if we lift the randomness concern (fourth
col.). The face identification accuracies between source and
target faces are reported for validation (second and third
cols.), these are expected to be very low as we want jus-
tifiably dissimilar deepfakes. For the most popular choice
OpenFace, MFMC reduces its accuracy by 80%. We repeat
this experiment using SSIM and RMSE metrics in Supp. B.

4.2.2 Comparison

To the best of our knowledge, MFMC is the first full system
design for using deepfakes to solve face ownership problem
in social media platforms. Other approaches using mask-
ing [12], filtering [17], image transformations [52], inpaint-
ing [26] and GANs [40] neither design how such algorithms
can be systemized for production, nor evaluate against
face recognition systems. Other approaches [50, 26, 10]
do not provide control over face parameters, or extreme
anonymization obfuscates the face too much that renders the
photo meaningless [69, 31, 32]. To support this claim, we
compare MFMC to CIAGAN [40] and Deep Privacy [26]
using their sample images in Supp. A.

5. Conclusion
We present a privacy-enhancing anonymization system

for everyone to have control over their faces in social photo
sharing networks, saying my face, my choice!. In addition
to the new metric for target query for deepfake creation,
we extensively analyze different deepfake generators and
similarity metrics for this task. MFMC also demonstrates
a responsible use for deepfakes by design, especially for
protecting faces of minors and vulnerable populations, in
contrast to the dystopian scenarios [11]. We also present
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Figure 7. Additional MFMC Results. Original images and privacy enhanced versions based on different target queries are demonstrated.
The last column with a randomness threshold from the furthest distance within the same age and gender shows the ultimate results.

different face access models for efficiency and embedding
storage. We validate that MFMC is able confuse several
current face identifications systems. We believe that current
social media platforms would free the users if similar ap-
proaches to MFMC are implemented for face privacy and
contextual integrity.

As a prototype system, there is always room for improve-
ment. As mentioned in Sec. 4.1.2, the diversity and dissimi-

larity of the fakes depend on the distribution in the synthetic
dataset for target query. The face resolution and orientation
also matter, as small or oblique faces may be missed by the
face detector. Finally, users with thousands of friends may
consume client storage for face embeddings. It is left as fu-
ture work to plan a secure client-server protocol for query-
ing friends’ face embeddings. Further discussions about our
threat model and privacy evaluation are in Supp. C and D.
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Vitomir Štruc. Privacy–enhancing face biometrics: A com-
prehensive survey. IEEE Transactions on Information Foren-
sics and Security, 2021.

[42] Microsoft. Face api. https://azure.microsoft.
com/en-us/services/cognitive-services/
face/#overview/, 2017.

[43] Elaine M Newton, Latanya Sweeney, and Bradley Ma-
lin. Preserving privacy by de-identifying face images.
IEEE transactions on Knowledge and Data Engineering,
17(2):232–243, 2005.

[44] Sophie Nightingale, Shruti Agarwal, Erik Härkönen, Jaakko
Lehtinen, and Hany Farid. Synthetic faces: how perceptually
convincing are they? Journal of Vision, 21(9):2015–2015,
2021.

[45] Yuval Nirkin, Yosi Keller, and Tal Hassner. FSGAN: Sub-
ject agnostic face swapping and reenactment. In Proceedings
of the IEEE International Conference on Computer Vision,
pages 7184–7193, 2019.

[46] Yuval Nirkin, Iacopo Masi, Anh Tuan Tran, Tal Hassner, and
Gérard Medioni. On face segmentation, face swapping, and
face perception. In IEEE Conference on Automatic Face and
Gesture Recognition, 2018.

[47] Seong Joon Oh, Rodrigo Benenson, Mario Fritz, and Bernt
Schiele. Faceless person recognition: Privacy implications in
social media. In European Conference on Computer Vision,
pages 19–35. Springer, 2016.

[48] Seong Joon Oh, Mario Fritz, and Bernt Schiele. Adversarial
image perturbation for privacy protection a game theory per-
spective. In 2017 IEEE International Conference on Com-
puter Vision (ICCV), pages 1491–1500. IEEE, 2017.

[49] Taesung Park, Ming-Yu Liu, Ting-Chun Wang, and Jun-Yan
Zhu. Semantic image synthesis with spatially-adaptive nor-
malization. In Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition, 2019.

[50] Hugo Proença. The uu-net: Reversible face de-identification
for visual surveillance video footage. IEEE Transactions on
Circuits and Systems for Video Technology, 32(2):496–509,
2021.

[51] Zhongzheng Ren, Yong Jae Lee, and Michael S Ryoo.
Learning to anonymize faces for privacy preserving action
detection. In Proceedings of the european conference on
computer vision (ECCV), pages 620–636, 2018.

[52] Natacha Ruchaud and Jean-Luc Dugelay. Aseppi: Robust
privacy protection against de-anonymization attacks. In 2017
IEEE Conference on Computer Vision and Pattern Recogni-
tion Workshops (CVPRW), pages 1352–1359, 2017.

[53] Florian Schroff, Dmitry Kalenichenko, and James Philbin.
Facenet: A unified embedding for face recognition and clus-
tering. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 815–823, 2015.

[54] Shawn Shan, Emily Wenger, Jiayun Zhang, Huiying Li,
Haitao Zheng, and Ben Y Zhao. Fawkes: Protecting pri-
vacy against unauthorized deep learning models. In 29th
USENIX Security Symposium (USENIX Security 20), pages
1589–1604, 2020.

[55] Yujun Shen, Jinjin Gu, Xiaoou Tang, and Bolei Zhou. In-
terpreting the latent space of gans for semantic face editing.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 9243–9252, 2020.

1378



[56] Sola Shirai and Jacob Whitehill. Privacy-preserving annota-
tion of face images through attribute-preserving face synthe-
sis. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition Workshops, pages 0–0,
2019.

[57] Qianru Sun, Liqian Ma, Seong Joon Oh, Luc Van Gool,
Bernt Schiele, and Mario Fritz. Natural and effective obfus-
cation by head inpainting. In Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition, pages
5050–5059, 2018.

[58] Qianru Sun, Ayush Tewari, Weipeng Xu, Mario Fritz, Chris-
tian Theobalt, and Bernt Schiele. A hybrid model for identity
obfuscation by face replacement. In Proceedings of the Eu-
ropean Conference on Computer Vision (ECCV), pages 553–
569, 2018.

[59] Yi Sun, Xiaogang Wang, and Xiaoou Tang. Deep learning
face representation from predicting 10,000 classes. In Pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), June 2014.

[60] Yaniv Taigman, Ming Yang, Marc’Aurelio Ranzato, and Lior
Wolf. Deepface: Closing the gap to human-level perfor-
mance in face verification. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
1701–1708, 2014.

[61] Gokhan Tanisik, Cemil Zalluhoglu, and Nazli Ikizler-Cinbis.
Facial descriptors for human interaction recognition in still
images. Pattern Recognition Letters, 73:44–51, 2016.

[62] Justus Thies, Michael Zollhöfer, and Matthias Nießner. De-
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