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Figure 1. Our reverse personalization method removes identity-specific features while preserving both the original facial attributes and
surrounding scene—without requiring subject finetuning. It also provides intuitive user control over which attributes are retained or
modified, enabling flexible and customizable anonymization for downstream applications.

Abstract

Recent text-to-image diffusion models have demonstrated
remarkable generation of realistic facial images condi-
tioned on textual prompts and human identities, enabling
creating personalized facial imagery. However, existing
prompt-based methods for removing or modifying identity-
specific features rely either on the subject being well-
represented in the pre-trained model or require model fine-
tuning for specific identities. In this work, we analyze the
identity generation process and introduce a reverse per-
sonalization framework for face anonymization. Our ap-
proach leverages conditional diffusion inversion, allowing
direct manipulation of images without using text prompts.
To generalize beyond subjects in the model’s training data,
we incorporate an identity-guided conditioning branch.
Unlike prior anonymization methods, which lack control
over facial attributes, our framework supports attribute-
controllable anonymization. We demonstrate that our
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method achieves a state-of-the-art balance between identity
removal, attribute preservation, and image quality. Source
code and data are available at ht tps://github.com/
hanweikung/reverse—-personalization.

1. Introduction

Given an image of a human face, how can we remove
identity-specific features while preserving non-identity at-
tributes? Recent advances in diffusion models have enabled
the creation of realistic visual content [65, 68], including
face synthesis [8, 32, 44, 63]. Several studies [25, 52, 78]
have demonstrated the effectiveness of these models in gen-
erating faces from prompts and identities. Additionally, re-
search [9, 28, 33, 60] has shown that manipulating attention
weights on specific tokens within prompts can influence se-
mantic alignment and provide fine-grained control.
Building on this insight, we observe that adjusting at-
tention weights on celebrity names within prompts controls



the likeness of generated images. However, this approach
presents one limitation. If the input image shows a non-
celebrity, their identity may not exist in the model’s learned
feature space. In such cases, modifying attention weights
has a negligible effect, as the model lacks a representation
of the individual.

To overcome this limitation, we first employ diffusion in-
version techniques [33, 75], which map an input image into
the latent space of a pre-trained model. This enables us to
synthesize facial images with specific traits using condition-
ing methods. Beyond text prompts, recent advances have
introduced expressive conditioning techniques, such as face
embeddings [77, 82, 85] and semantic masks [18, 32, 87].
Inspired by developments in personalization [22, 78, 85],
we adopt identity-conditioned generation using face embed-
dings, allowing us to extract identity features from arbitrary
input images.

Our approach offers several key advantages. As an
inversion-based method, it avoids model retraining, thus
preserving the original generative capabilities of the dif-
fusion model. This also ensures compatibility with other
identity-conditioned generation methods and enables flexi-
ble control over high-level facial attributes. Importantly, our
method supports image-only inputs, eliminating reliance on
textual instructions.

A challenge then arises: how can we modulate how gen-
erated faces reflect the identity in the input image? By
analyzing the generation process, we find that increasing
the classifier-free guidance [30] scale amplifies identity-
defining features. The model appears to first synthesize a
neutral face, then progressively injects characteristic traits.
This insight led us to experiment with guidance scales, hy-
pothesizing that they could suppress identity-specific fea-
tures and produce a reverse identity. Our experiments con-
firm this hypothesis, motivating the development of a novel
mechanism termed reverse personalization.

Reverse personalization offers compelling benefits in
face anonymization, where the goal is to protect personal
identity while preserving utility. This capability is impor-
tant across sectors such as healthcare [59, 84] and secu-
rity [24, 41]. Anonymization techniques help address eth-
ical concerns about surveillance and individual autonomy,
while ensuring compliance with data privacy regulations in-
cluding GDPR [2] and CCPA [1].

Despite progress in GAN- and diffusion-based
anonymization, current methods face persistent challenges.
Many struggle to strike a balance between removing
identity-specific features and preserving non-identity
attributes and realism [12, 57]. Furthermore, research has
shown that individuals’ willingness to disclose personal
information—particularly sensitive demographic attributes
such as age, race, and gender—is context-dependent [64].
For instance, in workplace settings, individuals may
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withhold such details to avoid bias or misunderstandings,

especially in environments with status differences or limited

trust [64]. Conversely, in healthcare contexts, disclosing
demographic information can lead to improved outcomes

by enabling more personalized and effective treatment [21].

However, existing face anonymization methods lack control

over whether such attributes are retained or altered [47]. In

contrast, our reverse personalization framework addresses
this limitation, enabling users to flexibly control facial
attributes in anonymized outputs.

We analyze identity-conditioned generation and apply
our findings to face anonymization. We demonstrate that
reverse personalization removes identifiable facial features
while maintaining realism and attribute consistency. We
contribute:

* Conditional inversion: we present a conditioning strat-
egy that guides the inversion process to facilitate identity
manipulation.

* Reverse personalization: we propose a guidance mech-
anism that steers the generative process away from
identity-defining features, enabling anonymization while
maintaining realism. Our method achieves an optimal
balance between identity obfuscation, attribute preserva-
tion, and visual quality.

* Attribute-controllable anonymization: our approach in-
cludes intuitive controls for adjusting facial features like
age, gender, and ethnicity, making it easy to generate cus-
tomizable, anonymized results.

2. Related Work

Personalization. The field of personalized text-to-image
generation [ 14, 22,48, 70, 74] focuses on adapting diffusion
models to synthesize images of specific subjects, styles, or
concepts that are meaningful to individual users. This line
of research enables models to learn visual concepts from a
few example images, allowing for tailored image generation
beyond general models.

Textual Inversion [22] optimizes token embeddings
linked to a placeholder token, allowing the model to in-
corporate new concepts into text-driven generation with a
few subject images. Similarly, DreamBooth [70] introduces
a fine-tuning approach that binds an identifier to a specific
subject. It leverages the semantic priors of pre-trained diffu-
sion models while employing a class-specific prior preser-
vation loss to maintain visual consistency with the broader
data distribution.

Despite effectiveness, these methods suffer from compu-
tational costs, requiring several minutes to hours for fine-
tuning. To overcome this limitation, parameter-efficient
fine-tuning methods have emerged. HyperDreamBooth [71]
introduces a hypernetwork-based architecture that gener-
ates personalized weights from a single image, offering a
speedup—as much as 25 times faster than DreamBooth [70]



and 125 times faster than Textual Inversion [22]. JeDi [86]
reduces computational demands by learning the joint dis-
tribution of multiple text-image pairs of a common subject,
enabling finetuning-free personalization. IP-Adapter [85]
adopts an alternative strategy based on image prompt adap-
tation, allowing users to guide image generation using ref-
erence images while retaining controllable text prompts.
These personalization techniques have unlocked a vari-
ety of applications, including identity-preserving face gen-
eration [25, 52, 54, 73, 78, 80, 82], virtual try-on [81], and
customized content creation [61]. However, while most
efforts focus on preserving identity, style, or subject ap-
pearance, we repurpose these principles toward the oppo-
site goal—removing identifiable facial traits. Our work ex-
tends the technical foundations of personalization to enable
attribute-controllable face anonymization.

Face anonymization. Face anonymization, or face de-
identification, refers to concealing or altering facial traits
to protect individual privacy in images. Traditional meth-
ods, such as blurring, pixelation, and masking, are simple
and effective at preventing identification by humans. How-
ever, these approaches degrade the visual quality of images,
destroying important contextual information like facial ex-
pressions, pose, and background—Ilimiting their usefulness
for downstream computer vision tasks [12, 57].

In response, modern face anonymization techniques
strive for balance between privacy protection and data util-
ity. Rather than obscuring faces, these methods aim to pre-
vent identity recognition while preserving identity-agnostic
attributes crucial for tasks such as emotion analysis [37, 42]
and estimating head pose [53] and gaze [79]. Among these,
GAN-based methods [11, 15, 27, 56] have been explored.
DP [36] and its successor DP2 [34] employ conditional
GANSs [58] to generate synthetic faces that maintain pose
and background context. GANonymization [26] further ad-
vances this idea by focusing on preserving facial expres-
sions during anonymization. Methods like FALCO [6] and
RiDDLE [51] exploit the latent space of StyleGAN2 [40]
to generate realistic anonymized faces while retaining non-
identity features.

Driven by recent progress in generative modeling,
diffusion models have emerged as promising for face
anonymization. For example, LDFA [45] combines face de-
tection with a latent diffusion model to generate in-painted
faces. FAMS [49] uses only reconstruction loss, eliminating
dependence on identity losses derived from face recognition
models or the use of facial landmarks and masks, which are
prone to inaccuracies.

Despite these advancements, challenges remain. Achiev-
ing an balance between anonymization and preservation of
image utility is difficult [35]. Additionally, most methods
offer limited controllability over which sensitive attributes
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are preserved or concealed during anonymization. To ad-
dress the limitations, our reverse personalization framework
leverages the precise reconstruction and generative power
of diffusion models. Our method enables user-controlled
anonymization by allowing selective preservation or re-
moval of specific facial attributes, while maintaining real-
ism and utility for identity-agnostic tasks.

3. Method

3.1. Preliminary

DDPM Inversion. Denoising Diffusion Probabilistic
Models (DDPMs) [31] define a forward process that gradu-
ally adds Gaussian noise to data and a learned reverse pro-
cess that denoises it step by step. The reverse process re-
constructs x;_; from a noisy input x; as follows:

ZtNN(0>I)7 (1)

where [i;(z;) is the predicted mean, o, is the variance
schedule, and z; is standard Gaussian noise. To recover the
noise used at each step, we compute:

T = fie(xs) + op s,
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t
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IP-Adapter. The IP-Adapter [85] is a lightweight module
that enables diffusion models to use image prompts by mod-
ifying their attention mechanisms. Specifically, it integrates
visual information without requiring model retraining. The
modified attention is computed as:

Z™¥ = Attention(Q, K, V)

3
+ Aipa - Attention(Q, K, V'), *

where Q, K,V are the original queries, keys, and values,
and K’, V'’ are keys and values derived from the image
prompt. The IP-Adapter [85] scale A;p, controls the in-
fluence of the visual prompt. This mechanism facilitates
flexible multimodal conditioning while preserving the pre-
trained model’s structure.

3.2. Motivation

Given an image of a person, our goal is to modify defin-
ing facial features while preserving non-identifying fea-
tures and the surrounding context. Achieving balance be-
tween data utility and identity protection is central to face
anonymization, which supports scientific progress [27] and
privacy [62].

An intuitive approach leverages inversion techniques in
diffusion models, which map real images into latent rep-
resentations compatible with a pretrained generator. One
such method, Null-text Inversion [60], employs DDIM in-
version [75] to extract a sequence of latent codes. These are
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Figure 2. Prompt-based attention reweighting methods such as
Null-text Inversion [60] can modify facial identity only when the
diffusion model knows the subject (e.g., well-known figures, such
as Obama). Personalization methods like Textual Inversion [22]
require fine-tuning with multiple reference images. Unlike these
methods, our reverse personalization approach can modify facial
identity without prior model knowledge or fine-tuning.

then used to optimize the null-text embedding in classifier-
free guidance [30], allowing the model to reconstruct the
input image. This optimized embedding enables meth-
ods like Prompt-to-Prompt [28] to reweight attention maps
during generation, offering fine-grained control. For in-
stance, as shown in Fig. 2, attenuating the influence of
the token “Obama” in the prompt “a photo of Obama” al-
ters identity-specific facial features while preserving non-
identity-relevant attributes like expression and the back-
ground context.

However, this strategy has a limitation: it relies on the
model’s knowledge of the subject’s identity. When the
individual is poorly represented in the training data—the
woman in Fig. 2—adjusting prompt weights has little effect
on the output.

To address this, model personalization techniques, such
as Textual Inversion [22], are applied. Textual Inver-
sion [22] fine-tunes the model’s word embeddings on few
images of a concept (e.g., the women in Figs. | and 2) and
associates with a unique token S,. This token can be used
in prompts (e.g., “a photo of S.”) to trigger identity-aware
generation.

Although this approach moves beyond the model’s prior
knowledge, it has challenges. It demands computational re-
sources to fine-tune and may underperform when limited
reference images are available, failing to capture the iden-
tty.
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3.3. Reverse personalization

To address the limitations of prompt-based reweighting
and fine-tuning methods, we propose an approach to
modify identity-specific facial features without relying on
prompt reweighting or computationally intensive person-
alization. Our method leverages identity embeddings ex-
tracted from facial images and integrates them through
identity-conditioned adapters to modulate the diffusion pro-
cess. A schematic overview of our approach is illustrated in
Fig. 3.

In standard diffusion model inversion, the denoising net-
work uses prompt embeddings to guide the recovery of
noise trajectories, ensuring that the reconstructed image
matches the input prompt semantically and visually. This
enables prompt-based image editing, where modifying the
prompt can yield targeted changes in the output.

However, in our reverse personalization setting—where
only one image is provided and the goal is to alter identity—
prompt substitution is not applicable. Instead, we intro-
duce null-identity embeddings to guide the inversion pro-
cess without identity-specific conditioning.

We further improve inversion efficiency using DPM-
Solver++ [55], a higher-order solver that surpasses DDPM-
based methods in speed [9]. This also ensures perfect re-
construction of the input image, preserving structural and
contextual details while enabling modification of identity-
specific features.

Our inversion process is formulated as:

w1 — (@, Teg1, Dia)

t — )
o

where [i; (x4, 441, D;q) is the second-order estimate of the
denoised sample, &;4 denotes the null identity embedding,
and o is the noise variance at step .

Text-to-image diffusion models employ classifier-free
guidance [30] to improve text fidelity by interpolating be-
tween a conditional and an unconditional prediction. In
contrast, we reinterpret classifier-free guidance [30] to con-
trol identity alignment. Specifically, we condition one for-
ward pass on the identity embedding and leave the other
unconditioned. Our reverse personalization guidance is de-
fined as:

é@(xta t7 Cid) = )\cfg - € (xtv t7 cid)

(5)
+ (1 - )‘Cfg) : 69(xt7ta gid)a

where A ;g is the guidance scale, ¢;q is the identity embed-
ding, and @4 is the null identity.

While standard personalization approaches use a posi-
tive guidance scale to reinforce identity, we instead apply a
negative guidance scale to steer generation away from the
provided identity. Our motivation comes from an observa-
tion: as the guidance scale increases, the model tends to en-
hance and exaggerate facial characteristics. This suggests
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Figure 3. Our reverse personalization framework. Unlike prior prompt-based reweighting approaches that guide both inversion and
generation using textual prompts, our method leverages identity information to condition these processes. The framework also supports
intuitive user control, enabling selective retention or modification of semantic facial attributes.

Generated Input Generated inal attribute prompt cqss,- with the updated prompt Eqs¢r-,
» while reusing the original noise trajectory z;. The sampling
step becomes:
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Figure 4. We visualize how varying the classifier-free guid- (T, @ Bids Cater) (7
ance [30] scale affects identity preservation. Identity distance HtiTt, Tt+1, Dids Catir )-
from the input increases with scale—especially in the negative This formulation ensures that the anonymized output re-
direction—confirming a divergence from the input identity. spects both the conditioning identity and the desired seman-

tic attributes, allowing precise and interpretable control over

. the anonymization process.
that negating the scale may attenuate those features. We

explore this hypothesis and visualize the results in Fig. 4. 4. Experiments

3.4. Attribute-controllable anonymization We evaluate our method across benchmarks, comparing it

Most anonymization methods do not allow users to choose with prior face anonymization approaches in terms of iden-
which facial features to keep or change, limiting an impor- tity removal, attribute preservation, image quality, and con-
tant part of user control. However, research has shown that trollability. We also present ablation studies to analyze key
individuals’ privacy preferences are shaped by a balance be- design choices.

tween perceived risks and potential benefits [64]. In some

cases, retaining certain personal attributes can serve societal 4.1. Hyperparameter analysis

and individual goals—from improving healthcare [21] and Figure 5 presents a quantitative analysis of
workplace equity [10] to advancing research [4] and social hyperparameters—classifier-free  guidance [30] scale
justice [19]. To address this, our approach enables intuitive and IP-Adapter [85] scale—evaluated on CelebA-HQ [38]
and consistent control over these attributes through natural and FFHQ [39] datasets.
language prompts. This is possible through our integration Figure 5a illustrates how the classifier-free guidance [30]
of image prompt adapters, which condition the diffusion scale influences re-identification rates, computed using two
model on visual identity cues without disrupting its inter- state-of-the-art face recognition models: SwinFace [66] and
pretation of textual instructions. AdaFace [43]. When the guidance scale approaches zero,
To control facial attributes while anonymizing an im- the generated faces closely resemble the original inputs,
age, we first invert the image to its latent noise represen- leading to higher re-identification rates. Conversely, as the
tation zp. During reverse diffusion process, we guide the guidance scale becomes more negative, the generated faces
model using a new textual prompt ¢, that specifies the diverge further from the originals, resulting in lower re-
desired facial attributes (e.g., “a young woman” or “an el- identification rates.
derly man”). While reducing the guidance scale lowers re-
We modify the sampling equation by replacing the orig- identification rates, excessively negative values degrade
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Re-ID (%) |

Attribute preservation |,

Image quality

SwinFace AdaFace Expression Gaze Pose FID | Face IQA 1
CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ
Ours 2.622  4.800 0.783 2.029 9.119 9353 0.152 0.177 0.050 0.052 4.809 8.651 0.856 0.921
NullFace [50] 0.489  0.844 0.157 0.358 10.025 9.856 0.165 0.187 0.055 0.058 8.426 8.932 0.758 0.796
FAMS [49] 7467 24.111 3309 13912 10.012 8.847 0.165 0.176 0.054 0.049 17.253 11.381 0.815 0.808
FALCO [6] 1.889 - 0.179 - 10.206 - 0.263 - 0.088 - 39.501 - 0.875 -
RiDDLE [51] - 2.044 - 0.512 - 10.049 - 0.214 - 0.080 - 65.141 - 0.674
LDFA [45] 19.578 21.000 11.495 11.369 8.653 10.392 0.265 0.346 0.093 0.114 8.303 10.390 0.785 0.857
DP2 [34] 3.880  6.644  0.901 1.927 9931 10.141 0.263 0.295 0.163 0.163 17.544 18.809 0.599 0.629

Table 1. Quantitative comparison of facial anonymization methods on CHQ (CelebA-HQ [38]) and FHQ (FFHQ [39]). The best result is

marked in bold, and the second-best is underlined.
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Figure 5. Hyperparameter analysis of classifier-free guidance [30]
scale and IP-Adapter [85] scale on CHQ (CelebA-HQ [38]) and
FHQ (FFHQ [39]).

image quality. As shown in Figs. 5b and 5c, overly negative
guidance scales lead to higher Fréchet Inception Distance
(FID) [29] and reduced scores from a face-specific image
quality assessment (IQA) model [13].

Figure 5d examines the impact of the IP-Adapter [85]
scale under a fixed negative guidance setting. This pa-
rameter controls the strength of identity embeddings. IP-
Adapter [85] scale of 0.0 disables identity conditioning,
leading to poor anonymization and high re-identification
rates. As the scale increases, the model increasingly lever-
ages the identity embeddings, enabling more effective mod-
ification of identity-specific features and a drop in re-
identification rates.

4.2. Comparison with existing methods

We compare our method against six state-of-the-art facial
anonymization approaches: NullFace [50], FAMS [49],
FALCO [6], RiDDLE [51], LDFA [45], and DP2 [34], us-
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ing CelebA-HQ [38] and FFHQ [39] datasets. We evalu-
ated 4,500 subjects from each dataset. Our method was
implemented on Stable Diffusion XL (SDXL) [65] for its
superior image quality, with hyperparameters set to an IP-
Adapter [85] scale of 1.0 and a classifier-free guidance [30]
scale of —10.0. On an A100 GPU, generating a 1024 x 1024
image took approximately 13 seconds.

Evaluation was conducted across three dimensions:
identity removal, attribute preservation, and image quality.
Identity removal was measured by re-identification rates us-
ing SwinFace [66] and AdaFace [43]. To avoid bias, a dif-
ferent face recognition model [16] was used to extract iden-
tity embeddings during generation. Attribute preservation
was assessed via three metrics: expression difference using
a 3D face reconstruction model [17], pose difference using
a head pose estimation network [69], and gaze difference
using a gaze estimation model [3]. For image quality, we
adopted the approach from previous studies [6, 15, 27, 56]
by calculating FID [29]. Additionally, we utilized a face-
specific IQA model [13].

As summarized in Tab. 1, our method and Null-
Face [50] exhibit balanced performance without weak-
nesses. FAMS [49] and LDFA [45] suffer from high re-
identification rates, indicating poor anonymization. Despite
leveraging StyleGAN?2 [40], known for producing photore-
alistic images, FALCO [6] and RiDDLE [51] exhibit high-
est FID [29] scores—due to their inability to preserve back-
ground consistency, resulting in generated images that devi-
ate from the originals. DP2 [34] struggles with pose preser-
vation and image quality, likely because its inpainting strat-
egy relies on pose estimation, which can be inaccurate, lead-
ing to generated faces misaligned with the original orienta-
tion. We also include privacy—utility trade-off plots in the
supplementary material (Sec. 6) to visualize the relationship
between identity removal, attribute preservation, and image
quality across methods.

While NullFace [50] achieves the lowest re-identification
rates, it underperforms in attribute preservation and image
quality compared to our method. NullFace [50] samples
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Figure 6. Qualitative comparison of anonymization results on
CelebA-HQ [38].
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Figure 7. Qualitative comparison of anonymization results on
FFHQ [39].

anonymized identities in the embedding space of an iden-
tity encoder, whereas our approach operates in the latent
space of diffusion models. A drawback of the former is that
sampled embeddings may not always correspond to valid
human faces, leading to lower Face IQA [13] scores.

Figures 6 and 7 present qualitative comparisons on
CelebA-HQ [38] and FFHQ [39], respectively. Addi-
tional examples are provided in the supplementary material
(Sec. 11).

4.3. Attribute-controllable anonymization

An advantage of our method is its ability to control high-
level facial attributes in generated images. To demonstrate
this capability, we conduct experiments on controlling three
types of basic demographic information—age, sex, and
race—so that the generated anonymized faces match those
of the original images.
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Among existing methods, DP2 [34] is the only one that
supports attribute-guided anonymization. It does this by
adapting StyleMC [46], which manipulates images along
semantically meaningful directions in the GAN [23] la-
tent space using a CLIP-based [67] loss guided by tex-
tual prompts. While enabling attribute control improves
DP2 [34]’s accuracy in matching target attributes, its overall
performance remains below that of our method.

Age | Sex (%) T Race (%) 1

CHQ FHQ CHQ FHQ CHQ FHQ
Ours” 3.744 4314 99485 98.638 87.016 76.548
Ours’ 4931 5854 92663 82720 60.882  49.479
NullFace [50] 5461 6.017 87.113  77.023  62.784  56.048
FAMS [49] 6.293  6.598 29.802 58.704  32.749  44.621
FALCO [6] 5.016 - 89.138 - 66.014 -
RiDDLE [51] - 6.144 - 73.437 - 54.039
LDFA [45] 4426 5888 88.713 77.401 67.572 59.238
DP2 [34]" 3.890 4468 98.124  96.674  82.433  83.033
DP2 [34]" 4.822 5627 87.523 79.750 63.951 58.865

" w/ attribute control ¥ w/o attribute control

Table 2. Accuracy of preserving high-level facial attributes (age,
sex, race) in anonymized faces.

In Tab. 2, our attribute-controlled anonymization
achieves the highest accuracy in preserving all three at-
tributes on CelebA-HQ [38], and two of the three attributes
on FFHQ [39]. For the race attribute on FFHQ [39],
DP2 [34] with attribute control slightly outperforms our
method. Figure 8 presents qualitative examples that illus-
trate the effectiveness of attribute control, highlighting dif-
ferences between preserving and altering these facial fea-
tures.

4.4. Ablation study

To assess key design choices, we conducted an ablation
study with two alternative implementations. First, we re-
placed our DDPM [31] inversion with DDIM [75]. Second,
we substituted the SDXL [65] model with InstantID [78], a
generation model designed for identity conditioning.

Quantitative results are in Tab. 3. The DDIM inver-
sion [75] underperforms across all metrics. This is pri-
marily due to DDIM’s inability to reconstruct the original
image [33, 60], leading to degraded attribute preservation
and image quality. Furthermore, DDIM [75] exhibits poor
performance to large adjustments in the classifier-free guid-
ance [30] scale, where excessive changes introduce artifacts
and cause image failures. Consequently, this implemen-
tation suffers from higher re-identification rates due to its
limited capacity to support aggressive anonymization.

The InstantID-based implementation achieves lower re-
identification rates than SDXL [65]. However, this results
in reduced attribute preservation and higher FID [29]. This
degradation is due to the ID embedding in InstantID, which
entangles identity features with other facial attributes [78],
making it difficult to preserve details unrelated to identity.
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Figure 8. Qualitative comparison demonstrating the effect of attribute control on anonymized faces. Examples show the difference between
preserving and altering age, sex, and race attributes.

Re-ID (%) | Attribute preservation | Image quality
SwinFace AdaFace Expression Gaze Pose FID | Face IQA 1
CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ CHQ FHQ
Ours 2.622 4.800 0.783  2.029 9.119 9353 0.152 0.177 0.050 0.052 4.809 8.651 0.856 0.921

DDIM [75] 36.889 39.533 36.206 37.698 9.319 10.275 0454 0458 0.154 0.171 47.194 38.873 0.708 0.733
InstantID [78] 0.489 0911 0.202 0.781 11.532 11.802 0.185 0.204 0.057 0.054 30.334 18.347 0.889 0.947

Table 3. Ablation study comparing our method with alternatives using DDIM inversion [75] and InstantID [78] as the generation backbone.

Qualitative comparisons in Fig. 9 further support these
findings. The DDIM-based model fails to preserve facial
attributes such as expression, gaze, and pose, and introduces
artifacts. Meanwhile, the InstantID-based model tends to
produce facial outputs appearing oversaturated and lacking
realism.

We also evaluated the attribute control of these alterna-
tive implementations, results in Tab. 4. Neither approach
matches our SDXL-based implementation in preserving
high-level facial attributes.

Age | Sex (%) 1 Race (%) T
CHQ FHQ CHQ FHQ CHQ  FHQ

Ours” 3744 4314 99485 98638  87.016  76.548

Ours’ 4931 5854 92663 82720 60.882  49.479

DDIM [75] 4257 5413 78701 71016 62.285  55.889

InstantID [78] 16009 15160  83.038  78.038  19.600  28.517 \ :

" w/ attribute control ' w/o attribute control DDIM InstantID

. Input Ours [75] [78]

Table 4. Attribute control accuracy (age, sex, race) for alterna-
tive implementations. Neither DDIM inversion [75] nor Instan-
tID [78] achieves attribute consistency comparable to our SDXL- Figure 9. Qualitative results from the ablation study. Our method
based method. maintains both realism and accurate attribute preservation.
5. Conclusion
We proposed a reverse personalization framework for face
anonymization that removes identity-specific features while cable to arbitrary individuals. In addition to offering flex-
preserving non-identity attributes. Our approach does not ible anonymization, our method strikes an optimal balance
require the diffusion model to have prior exposure to the among identity obfuscation, attribute preservation, and im-
subject or any model fine-tuning, making it broadly appli- age quality.
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