
Locally Controlled Face Aging with Latent Diffusion Models

Lais Isabelle Alves dos Santos Julien Despois Thibaut Chauffier Sileye O. Ba
Giovanni Palma
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Abstract

We present a novel approach to face aging that addresses
the limitations of current methods which treat aging as a
global, homogeneous process. Existing techniques using
GANs and diffusion models often condition generation on
a reference image and target age, neglecting that facial re-
gions age heterogeneously due to both intrinsic chronolog-
ical factors and extrinsic elements like sun exposure. Our
method leverages latent diffusion models to selectively age
specific facial regions using local aging signs. This ap-
proach provides significantly finer-grained control over the
generation process, enabling more realistic and personal-
ized aging. We employ a latent diffusion refiner to seam-
lessly blend these locally aged regions, ensuring a globally
consistent and natural-looking synthesis. Experimental re-
sults demonstrate that our method effectively achieves three
key criteria for successful face aging: robust identity preser-
vation, high-fidelity and realistic imagery, and a natural,
controllable aging progression.

1. Introduction

Face aging is an image generation task that aims to trans-
form a reference image of a person into a realistic, aged
version of the same individual. Well executed, it enables
numerous real-world applications in augmented reality, cin-
ema, and the cosmetic industry. Research on face aging
generation typically focuses on controlling the generated
output by using a person’s age as input. However, it should
be noted that aging is complex and manifests in different
ways across different populations and individuals. It varies
across different parts of the face [1–4, 10], and is influenced
by factors and lifestyle choices, such as smoking, sun expo-
sure, and alcohol consumption [26, 34]. It is also influenced
by daily facial expressions, which accelerate the appearance
of aging signs, particularly in areas such as the forehead or
around the mouth.

Over the past few years, popular models such as Pix2Pix
[16] and StarGAN [7, 8] provided a way to translate im-

ages to other domains and condition the generation towards
a desired output, including the task of face aging. However,
these approaches lack control over the aging process and do
not account for the fact that people age differently. AM-
GAN [9] offers a way to control generation through more
detailed aging maps but struggles to produce natural face
wrinkles when the reference image lacks predefined aging
marks.

More recently, diffusion models have demonstrated bet-
ter performance than GANs in terms of image quality [22]
with methods such as PADA [21] and FADING [6] provid-
ing insights for face aging using diffusion models. How-
ever, they offer little to no control over the aging of different
parts of the face.

To address these issues, we propose Latent Diffusion
Local Aging (LDLA), a diffusion-based model that offers
greater control over the zones of the face by using ethnicity-
specific skin atlases [1–4, 10]. These atlases define refer-
ence scales for the aging of every specific part of the face,
such as crow’s feet or forehead wrinkles. Our model per-
forms face aging at a fine-grained level and leverages La-
tent Diffusion Models [27] to transform each facial zone
individually according to target scores. The model finally
blends the individual zones and refines the output, produc-
ing high-quality images (Figure 1). The key contributions
of our work are as follows:

• A novel use of latent diffusion models to achieve state-of-
the-art fine-grained face aging.

• A latent cycle consistency loss using a single denoising
step to preserve the subject’s identity and improve effi-
ciency.

• The use of a refiner model to blend the individual crops
seamlessly, generating more realistic images.

2. Literature review

Many methodological frameworks have been proposed for
image generation, such as generative adversarial networks
(GANs) [11], normalizing flows [18], and recently denois-
ing diffusion probabilistic models [32]. All these models
have conditional variants, where the generated images are
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Figure 1. Controlled face wrinkles evolution with the proposed method

based on specific input conditions. When the condition in-
volves an image being transformed, the model is typically
known as an image-to-image translation model.

Generative Adversarial Networks for image-to-image
translation, such as CycleGAN [35], introduced the cyclic
generation methodology where, during training, the model
generates the target from the source and then regenerates to
the source from the target. This framework allows gener-
ative models to be trained without matching source-target
pairs between two domains. StarGAN [7] further extended
cyclical generation to any number of domains. Despite their
popularity, GAN usage is limited by the instability of their
training due to the adversarial loss involving the competi-
tion between the generator and discriminator models.

Denoising Diffusion Probabilistic Models (DDPMs)
[15] have been introduced as an approach to simplify train-
ing. Unlike adversarial frameworks, these models use a for-
ward and a backward process. In the forward process, Gaus-
sian noise is gradually added to an image until total infor-
mation destruction. In the backward process, a generative
model learns to remove added noise to recover the original
image. Guided and unguided diffusion models [14, 22] have
been proposed to improve the diffusion process, by condi-
tioning the generation process.

Later, Latent Diffusion Models (LDMs) [27] intro-
duced the use of latent space embedding to improve train-
ing stability and computational efficiency. These models,
known as Stable Diffusion, incorporate the diffusion and
denoising processes within the latent space and condition
the generation on both text and image inputs. In this paper,
we adopt this architecture as the backbone of our model.

Controllable Face aging is a conditional image-to-
image translation task where, given a person’s face and age-
related target information, a model generates an aged image
of the person. Age has been explored as a key condition-
ing factor in various face-aging models. For instance, the
StarGAN model [7, 8] incorporates age as one of its condi-
tioning parameters. Similarly, [24] employs a latent diffu-
sion model for face aging, where age acts as the condition-
ing input. In other approaches, such as [5] and [20], age is
encoded in a text prompt to guide the face aging process.
However, face aging is a complex process, as different face
zones (e.g., forehead, under-eye, mouth corners) may age

at different rates, making it challenging to capture the phe-
nomenon with age as a conditioning factor. One potential
solution is to transform face zones individually using local
skin aging labels [1–4, 10] as proposed by AMGAN [9].
This enables locally controlled face aging, allowing more
personalized and precise generation. Therefore, we follow
this fine-grained controlled approach over face aging gener-
ation to design our model leveraging latent diffusion mod-
els, and will use AMGAN as a baseline.

3. Proposed model
We propose an approach based on latent diffusion models to
achieve locally controlled face aging. Rather than relying
on age as a parameter, the focus is placed on the natural
evolution of face wrinkles by relying on locally normalized
aging scores. Each part of the face is generated individually,
using a target score as a condition for each zone, rather than
generating the entire face as a whole. The generated crops
are then blended to produce full-face images, an approach
that yields smoother and more realistic results.

3.1. Controlled face aging with Latent Diffusion
Models

Our model is based on the text-to-image LDMs, with sev-
eral enhancements to achieve greater control over the ag-
ing of the generated images. Our model is divided into
two stages, illustrated in Figures 2 and 3. The first stage
involves fine-tuning the weights of the UNet Conditional
model [28] by using crops from the different zones of
the face, conditioned on target scores, and applying sev-
eral losses to optimize the model toward producing natural,
identity-preserving, controlled images. The second stage
performs latent parameter-guided diffusion and denoising
to generate the transformed image crop.

3.1.1. Model training
In the first stage, we use a pre-trained stable diffusion model
[28, 33] to leverage the learned information about facial ge-
ometry from the extensive LAION-5B dataset [31]. The
proposed architecture is illustrated in Figure 2. Our model
retains the core structure proposed in Stable Diffusion [27],
i.e., the denoising-diffusion occurs in the latent space, and
the Variational Auto-Encoder (VAE) [19] and the CLIP Text
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Figure 2. The UNet is optimized using Lfull, Lzone, Lcycle, and Lscore, while the ScoreNet is optimized uniquely with the
score loss.

Encoder [25] remain frozen. In this regard, our main contri-
bution lies in the process by which the UNet is fine-tuned to
generate high-quality, naturally aged or rejuvenated images.

Cross-attention in Stable Diffusion’s UNet leads to bet-
ter spatial awareness of the tokenized conditioning prompt
[27]. Consequently, our model employs three distinct
prompts. The first prompt, Pfull, ensures the model per-
forms the task from a global perspective. The second
prompt, Pzone, helps the model identify the specific crop
zone and focus on increasing or decreasing wrinkles. Fi-
nally, the third prompt, Ptarget, is used to guide the initial
step of the latent cycle consistency loss.

The primary prompt, Pfull, contains all the necessary in-
formation to train the model. This prompt provides details
about the input image x0, such as the zone of the face, the
person’s self-reported ethnicity, and the aging score of the
current crop, expressed as a percentage. This percentage is
obtained by dividing the local aging score by the maximum
of the scale as defined in the atlases. An example would be
“image of forehead wrinkles with an aging score of 70% for
a person of Hispanic ethnicity”. By employing percentages,
we leverage the pre-trained CLIP encoder’s learned seman-
tics instead of having to provide the lower and upper bounds
for the scales as defined in the skin atlases, which the model
would have to learn. The target level of noise ϵt for a time
step t is then predicted as ϵfull by conditioning the UNet on

τθ(Pfull), τθ being the text encoder, and zt the noisy latent
embedding of the input image. With that, a Mean Square
Error (MSE) Loss is computed over the noises and defined
in Equation (1). In summary, the goal of the training phase
is to learn what each of the features present in the prompt
represents in the latent space and how to reproduce them
later in the inference phase.

Lfull = Et,Pfull,ϵt∼N (0,I)

[
∥ϵt − ϵθ(zt, t, τθ(Pfull))∥22

]
(1)

The second prompt, Pzone, guides the model to learn the
distinctive features of each facial zone, as crops from dif-
ferent zones may appear similar but age in distinct ways.
For example, a smooth patch of skin on the forehead typi-
cally forms horizontal wrinkles, while an identical patch of
skin between the eyebrows tends to develop vertical wrin-
kles. This prompt builds on the concept of a ‘unique identi-
fier’ [6, 29] and can be exemplified by ‘image of forehead”.
The UNet reverse process is conditioned on τθ(Pzone) to
predict the noise level at a given time step t, represented
as ϵzone. For this prompt, the regression loss is defined in
Equation (2).

Lzone = Et,Pzone,ϵt∼N (0,I)

[
∥ϵt − ϵθ(zt, t, τθ(Pzone))∥22

]
(2)



To allow the generation of images from a known source
domain with a label Pfull to a desired target domain with
a label Ptarget, we introduce a latent cycle consistency
loss, inspired by the cycle consistency loss established in
CycleGAN[35].

Specifically, starting with the latent representation of
an input image, denoted z0, we condition the UNet with
Ptarget, which represents a prompt specifying a random ag-
ing target. Following this initial denoising step, the result-
ing intermediate latent code, z̃0, is then subjected to a sub-
sequent diffusion process. This process is conditioned to re-
vert to the original source domain Pfull, yielding a recon-
structed latent output, z̄0. The latent cycle consistency loss
is calculated as the Mean Squared Error (MSE) between the
initial input latent z0 and its reconstructed counterpart z̄0,
as formally defined in Equation (3).

Lcycle = EE(x)

[
∥z0 − z̄0∥22

]
(3)

For enhanced computational efficiency, we leverage a
one-step backward estimation technique. This approxima-
tion is given by Equation (4).

x0 ≈ x̄0 =

(
xt −

√
1− ᾱt ϵθ(xt)

)
√
ᾱt

(4)

A Convolutional Neural Network (CNN) is employed as
a regression network to check if the score prediction is the
same as in the Ptarget prompt, after the first backward of
the latent cycle consistency block. This model (that we call
ScoreNet) is trained in parallel to fine-tuning the UNet and
the resulting score loss, Lscore is used to optimize both net-
works in the training architecture. This loss is computed
using the MSE Loss between the predicted and normalized
target scores from Ptarget. Equation (5) represents this loss.

Lscore = E
[
∥starget − s̃target∥22

]
(5)

The final loss is described in Equation (6) as LLDLA

where each loss component is weighted by a hyperparam-
eter λi. By optimizing both the latent diffusion model and
the ScoreNet with the score loss, we ensure that the diffu-
sion model weights are also updated based on the accuracy
of the predicted scores.

LLDLA = λfullLfull + λzoneLzone+

λcycleLcycle + λscoreLscore (6)

3.1.2. Inference stage
The second stage of our method is the inference process. It
consists of an image-to-image pipeline [30] where the in-
put image is translated to the latent space, and the latent is
diffused according to a noise strength γn = 0.2. After the
diffusion process, the backward step consists of performing
γinf = 40 denoising steps. We use γinf steps to accelerate

the backward process, instead of performing 1000 steps, as
it is typically done in the classic implementation of DDPMs.
Additionally, the guidance scale, γg = 0.8, regulates the
importance the text prompt has over the backward process
in the attention layers of the network. This parameter has
a similar effect to ‘w’ in the classifier-free guidance model
[14], as latent diffusion models use this concept to condition
the network on a class, in this case, the text prompt.

Taking this into account, the denoised latent, z̄0, passes
through the VAE decoder, resulting in a translated crop with
the corresponding target score. Since the inference stage is
performed for each zone of the individual’s face, a few steps
are considered to achieve a fully aged face. First, using an
off-the-shelf facial landmarks estimator, we compute facial
landmarks to identify the location of each zone of the face
(e.g. forehead, upper lip, etc.). Once a zone is identified,
the corresponding crop is translated to the target score, and
this single crop is blended into the full-face image by using
feathering. The process is then repeated for every zone, us-
ing a uniform aging score or not, as the aging process may
vary for different people. In particular, strong facial expres-
sions promote the increase of forehead and crow’s feet wrin-
kles, and smoking cigarettes promotes the increase of upper
lip wrinkles [13]. Our approach can capture the heterogene-
ity of aging by allowing local control.

In addition to this smooth blending process, a stable dif-
fusion refiner [23] is used to better blend the crops. This
process employs a pre-trained refiner that enhances the
quality of the image. In this case, the same image-to-image
pipeline is used, but the UNet that denoises the image is the
refined one, with a prompt defined as “Utra realistic image
of a human face” with very small strength applied to the
reference image. This ensures that the transformed image
is not altered, but its quality is increased, resulting in more
natural and appealing results.

4. Datasets

4.1. High Quality Images Dataset

We assembled a high-quality image dataset as the initial
dataset for this work. It contains 6000 high-resolution
(3000 × 3000) images of faces, centered and aligned, cov-
ering a broad spectrum of ages (18-80), genders, and self-
reported ethnicities. Each facial image is divided into crops,
representing a specific zone of the face. These crops are
scored based on clinical aging atlases tailored to distinct
demographic groups [1–4, 10], rather than being linked to
a specific age. The zones considered in this work primarily
correspond to areas prone to wrinkle development, includ-
ing the glabellar region, nasolabial folds, inter-ocular area,
upper lip, under-eye region, corners of the lips, and crow’s
feet.



Figure 3. The schematic of the inference stage, regulated by three different hyperparameters.

4.2. FFHQ Public Image dataset
We used the FFHQ dataset introduced in [17] to develop and
evaluate our model on a public dataset. The original dataset
comprises 70000 images of people displaying various head
orientations, facial expressions, genders, and ages. We fil-
tered the dataset to include only people aged 21 and older,
with minimal head rotation and facial expressions, resulting
in a curated set of 1100 images. We used skin aging atlases
[1–4, 10] to annotate the aging scores for each zone.

5. Results
5.1. High Quality Images Dataset
The images generated with our model exhibit high-quality
details and smooth aging transition across the range of skin
types and zones. Figure 4 shows our model performs the
aging process continuously and smoothly, without artifacts.

5.1.1. Local control over face wrinkles
To study the degree of control over the aging, Figure 5
demonstrates different zones aged with various scores.
Compared to classic techniques where the individual ages
according to a specific age without considering intrinsic
and extrinsic factors, our method offers a more robust aging
technique. This approach allows us to define the exact tar-
get for each zone, rather than aging the individual according
to generic patterns found in the dataset.

5.1.2. Evaluation metrics
To succeed in a controlled face aging task, the results must
meet three criteria: the image must be realistic, without arti-
facts; the subject’s identity must be preserved; and the face
must be aged or rejuvenated to a desired, controlled, target
amount. We enforce the first two requirements using the
latent cycle consistency loss, an image-to-image pipeline
[33], and optimizing the zone loss Lzone, which ensures
the generated crop corresponds accurately to each respec-

tive zone. The final requirement is addressed by optimizing
the ScoreNet.

When only the first two criteria are respected, we can
achieve realism and identity preservation, but fail in aging
or rejuvenating. On the contrary, the model could succeed
in aging or rejuvenating, but fail in preserving realism or
identity.

Based on our experiments, the proposed method effec-
tively preserves the subject’s identity without issue. There-
fore, we focus on quantitative metrics to evaluate the two
remaining criteria. First, we employ the Fréchet Inception
Distance (FID) [12] to assess the realism of the generated
images. To provide a reference for the score values, we
compute this metric between the two halves of the dataset,
as the dataset size is significantly smaller than the recom-
mended 50k images [12, 17].

Model FID ↓ MAE ↓
Real images only 15.65 -

LDLA (Ours) 35.71 0.15
AMGAN [9] 45.94 0.14

Table 1. Comparison between the AMGAN method
and the proposed method.

We also compute the Mean Absolute Error (MAE), a
metric that measures the average absolute difference be-
tween the predicted scores and the target scores. We com-
pare our results with the AMGAN model [9] and present
them in Table 1. Considering the FID metric, our LDLA
method excels in realism and produces images with scores
closer to the desired ones, with an MSE similar to that of
GANs.

5.1.3. Comparison with GAN baseline
Our results are comparable to those of GANs, but our model
displays greater generation capabilities when the original



Figure 4. Faces aged with uniform target scores of 5%, 10%, 25%, 40%, 60% and 85% for different skin types. The faces have
been anonymized for licensing reasons.

Figure 5. (a) Original image. (b) Entire face aged. (c) Entire face rejuvenated. (d) Bottom face zones aged. (e) Top face zones
aged. (f) Some zones have a higher score, others a lower score than (a).

individual shows no existing signs of aging (Figure 6). In
that case, the GAN method sometimes fails to produce re-
alistic face wrinkles. This issue is not seen in our LDLA
method. One limitation observed in our approach, however,
is the occasional presence of blur. This may arise from the
resolution of 128× 128 used for crops in our model.

5.2. Experiments on FFHQ Dataset

To evaluate our model on a more challenging publicly avail-
able dataset, we trained it on the subset of FFHQ described

in Section 4.2. The results for uniform aging are presented
in Figure 7. These results show that the model achieves
high-quality aging despite the much smaller number of
training images, as well as variations in illumination, head
orientation, and facial expressions across the dataset. In
Figure 6, we can see that LDLA also outperforms AMGAN
on this dataset, yielding more natural, artifact-free images.
Note that, due to our crop-by-crop approach, the model still
retains the capability to perform non-uniform aging (with
different aging scores for each zone), the results presented
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