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Figure S1. Results of our proposed method FaceTT in Film/Media application. FaceTT produces realistic and identity-preserving age
progression on movie and in-the-wild celebrity images. These results demonstrate visually coherent transitions across young, middle-aged,
and elderly appearances.



This supplementary presents below contents which we
could not include in the main paper due to space constraints:
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S1. Analysis on Cross- and Self-Attention
We investigate how cross-attention and self-attention in Sta-
ble Diffusion influence text-guided image editing through
the U-Net model’s core components. Following the stan-
dard from [8], spatial features are linearly projected to
form queries (Q), while text features are transformed into
keys (K) and values (V ) for the cross-attention module.
In the self-attention module, K and V are derived from
spatial features. The attention mechanism is defined as:
Attention(K,Q, V ) = MV = softmax

(
QKT

√
d

)
V , where

Mi,j represents the attention weights for aggregating the j-
th token’s value at pixel i, with d being the dimensionality
of K and Q.

Semantic modifications from natural language are cat-
egorized as rigid or non-rigid. Rigid changes, like back-
ground or visual element alterations, are handled us-
ing cross-attention [8], while non-rigid changes, such as
adding/removing objects or changing actions, are managed
with self-attention [11]. To evaluate whether the cross- and
self-attention maps in face images contain meaningful se-
mantic information, we employ a probing approach inspired
by natural language processing (NLP) techniques [4, 12], as
demonstrated in [11].

S1.1. Probing Analysis:
Following [11], we design and train a task-specific clas-
sifier consisting of a two-layer MLP to predict se-
mantic categories from the attention maps. Using
the prompt Photo of a <2/10/30/50/70> years
old <man/woman/boy/girl>, we examine the ef-
fectiveness of the attention mechanisms. In this probing
analysis, we avoid using our Face-Attribute-Aware refined
prompts because they introduce additional semantic cues
(e.g., skin texture, lifestyle conditions) that go beyond age
and gender. Including these details would make the probe

Figure S2. Visualization of Cross- & Self-attention maps for
age progression to 60-year-old appearance. Cross-attention maps
highlight regions in the source image (e.g., eyes, nose, mouth)
that align with target prompt <Photo of a 60 years old
woman/man>. While self-attention visualization showcases top-
7 components derived from singular value decomposition (SVD)
[17], which is important to maintain identity and consistency.

Table S1. Probing accuracy of cross-attention maps w.r.t. different
tokens. L denotes layers of the U-Net model.

Class L-3 L-6 L-9 L-10 L-12 L-14 L-16 Avg.

Age 2 0.29 0.42 0.69 0.81 0.83 0.85 0.75 0.77
Age 10 0.60 0.20 0.70 0.92 0.90 0.90 0.63 0.69
Age 30 0.57 0.92 0.80 0.88 0.89 0.89 0.78 0.79
Age 50 0.50 0.87 0.80 0.72 0.87 0.87 0.41 0.81
Age 70 0.54 0.41 0.82 0.71 0.63 0.55 0.52 0.59

man 0.67 0.77 0.86 0.83 0.81 0.81 0.90 0.80
woman 0.62 0.80 0.83 0.78 0.76 0.82 0.84 0.78
boy 0.60 0.80 0.90 0.92 0.96 0.75 1.0 0.85
girl 0.50 0.70 0.92 0.84 0.87 0.70 0.90 0.78

rely on prompt semantics rather than the intrinsic informa-
tion encoded in the attention maps. Using simple age-and-
gender prompts ensures a controlled setting where we can
directly evaluate what the model’s native attention layers
capture without external influence.

Cross-Attention Maps: We explore the information
captured by cross-attention maps by visualizing the atten-
tion patterns associated with each word in a prompt, as dis-



Table S2. Probing analysis of cross-attention maps w.r.t. differ-
ence tokens. The upper part shows the classification accuracy cor-
responding to the token Photo, and the lower shows results for
old. L denotes layers of the U-Net model.

Class L-3 L-6 L-9 L-10 L-12 L-14 L-16 Avg.

Age 2 0.85 0.78 0.89 0.80 0.93 0.85 0.91 0.87
Age 10 0.80 0.71 0.80 0.93 0.50 0.70 0.50 0.71
Age 30 0.76 0.85 0.86 0.90 0.75 0.96 0.71 0.83
Age 50 0.71 0.73 0.70 0.83 0.70 0.55 0.66 0.70
Age 70 0.61 0.67 0.62 0.70 0.66 0.50 0.60 0.62

Age 2 0.90 0.83 0.80 0.92 0.84 0.92 0.93 0.88
Age 10 0.85 0.90 0.87 0.80 1.0 0.75 0.70 0.84
Age 30 0.80 0.82 0.79 1.00 0.70 0.69 0.75 0.79
Age 50 0.83 0.80 0.70 0.79 0.63 0.62 0.61 0.71
Age 70 0.76 0.71 0.59 0.83 0.52 0.70 0.58 0.67

Table S3. Probing accuracy of self-attention maps w.r.t. different
tokens. L denotes layers of the U-Net model.

Class L-3 L-6 L-9 L-10 L-12 L-14 L-16 Avg.

Age 2 0.00 0.00 0.00 0.20 0.00 0.00 0.00 0.028
Age 10 0.18 0.06 0.70 0.35 0.80 0.25 0.90 0.46
Age 30 0.00 0.00 0.00 0.00 0.5 1.0 0.00 0.21
Age 50 0.00 0.1 0.00 0.00 0.66 0.23 0.10 0.16
Age 70 0.00 0.00 0.82 0.05 0.25 0.00 0.23 0.19

man 0.36 0.68 0.45 0.90 0.80 0.30 0.60 0.58
woman 0.33 0.41 0.83 0.58 0.63 0.10 0.81 0.53
boy 0.30 0.21 0.80 0.87 0.91 0.65 0.80 0.76
girl 0.47 0.10 0.00 0.69 0.70 0.41 0.00 0.34

played in Figure S2. Each map highlights areas related to
specific words, indicating that cross-attention retains rigid
semantic details. In the context of the facial re-aging task,
these rigid details include wrinkles and changes in skin tex-
ture, variations in the fullness of the cheeks and lips, as well
as the development of age-related marks such as fine lines
or sagging skin. Table S1 presents the classification per-
formance of our trained classifier, demonstrating high accu-
racy, especially for the age and person categories.

We also investigate whether cross-attention maps as-
sociated with non-edited words contain rigid informa-
tion. This analysis is essential because text embed-
dings generated by transformer-based encoders [10, 15]
preserve the contextual details of sentences. By us-
ing prompts like Photo of a <age> years old
<person>, our experiments (shown in Table S2) reveal
that both the tokens Photo and old exhibit significantly
high classification accuracy. This finding indicates that both
tokens carry rigid semantic information related to faces.

Self-Attention Maps: In contrast, self-attention maps
exhibit different behaviors and are analyzed similarly. Ta-
ble S3 shows that the classifier struggles to recognize cate-
gories (age and person) accurately, indicating that self-
attention maps encode non-rigid information, or structural
rather than categorical details. For our task, this structural
information includes the relative positions of the eyes, nose,
mouth, and the overall shape of the face (e.g., jawline). Fig-

ure S2 illustrates that self-attention maps preserve the orig-
inal structure of the image.

This show that cross-attention maps encode seman-
tic features for category identification, while self-attention
maps preserve structural integrity for image coherence.

S2. Additional Visual Comparisons

This section offers a visual comparison between our FaceTT
and the state-of-the-art (SOTA) methods i.e., HRFAE [18],
CUSP [6], and FADING [3]. From Figure S3 to S5 , one
can observe that HRFAE preserves identity but struggles
with exaggerated features. CUSP provides smooth transi-
tions; however, it comes at the cost of losing fine details in
extreme aging. FADING generates plausible results but of-
ten produces overly smooth textures or inconsistencies. In
contrast, our method maintains identity and delivers highly
realistic aging effects across diverse facial structures and
expressions.

S3. Analysis on Identity Preservation

S3.1. Cyclic / Reference based Aging Analysis:
We conducted Cyclic and Reference-based Identity Sim-
ilarity evaluation on a five-celebrity in-the-wild age-
progression test set. Results for one celebrity (Tom Cruise)
are shown in the main paper (Figure 2), while the remain-
ing four—Brad Pitt, Leonardo DiCaprio, Matt Damon, and
Robert Downey Jr.—are presented in Figure S6. Across all
age cycles, our method consistently yields higher identity
similarity than HRFAE, CUSP, and FADING, demonstrat-
ing stronger face aging with identity preservation in both
forward and reverse age transformations.

S3.2. Short-Range Aging Analysis
To further assess the identity-preservation capability of our
method, we perform a Short-Range Aging Analysis that
evaluates identity stability under fine-grained age perturba-
tions. Figure 9 in the main paper shows examples for two
identities, demonstrating consistent identity retention across
closely spaced target ages. Additional results for two more
identities are provided in Figure S7, further highlighting the
robustness of our approach in maintaining facial structure
and appearance under small age variations.

S4. Additional Ablation Analysis

S4.1. Visual Analysis on Hyper-Parameters
Figure S8 analyzes the impact of the hyper-parameter ξ
used in Angular Inversion. Low ξ values (specifically,
ξ = 0.1, 0.5) result in minimal changes, allowing the in-
put identity to be preserved but producing weaker re-aging
effects. Conversely, high ξ values (such as ξ = 2.0) lead to



Figure S3. Comparison of facial re-aging across different age targets using HRFAE, CUSP, FADING, and our FaceTT method (Part
1). Across both examples, FaceTT produces the most consistent identity preservation and the most realistic aging trajectories from early
childhood (Age: 2) to older adulthood (Age: 60). Competing methods exhibit notable artifacts: HRFAE often fails to introduce meaningful
age changes and tends to output visually similar faces across age ranges; CUSP frequently produces structural distortions and texture
inconsistencies (blue boxes), especially in the eyes and mouth regions; and FADING, while capable of stronger aging effects, suffers from
identity drift and unnatural facial modifications (blue boxes). In contrast, FaceTT generates smooth, coherent age transitions with preserved
facial geometry and identity cues, while accurately reflecting age-specific features such as fuller cheeks in youth, subtle mid-life changes,
and realistic wrinkle patterns at older ages.



Figure S4. Additional visual comparison of facial re-aging methods. (Part 2, continued from Figure S3)

excessive alterations, causing distortions and a loss of iden-
tity. The optimal balance is found at ξ = 1.2, which pro-
vides realistic re-aging while maintaining identity, as shown
in the first and third rows. This highlights ξ = 1.2 as the
preferred choice for high-quality results.

Figure S9 examines the effect of ηth in Adaptive At-
tention Control, which determines the transition between
self-attention and cross-attention adaptation. When ηth is
too low (e.g., 0.03), the attention mechanism primarily pre-
serves source characteristics, leading to insufficient aging



Figure S5. Additional visual comparison of facial re-aging methods. (Part 3, continued from Figure S3)

effects. Conversely, setting ηth too high (e.g., 0.06) results
in excessive modification of details, introducing artifacts.
The best balance occurs at ηth = 0.05, enabling natural ag-
ing transformations while maintaining identity consistency.

Figure S10 evaluates the impact of (τ1, τ2), which regu-

lates the selection of either cross-attention or self-attention
or mixture of both (based on the value of ηth) in Adap-
tive Attention Control. Low τ1 values (e.g., 25) retain too
many source attributes, preventing effective aging transfor-
mations. On the other hand, high values (e.g., 40) lead to



Figure S6. Cyclic Identity Similarity protocol for evaluating identity preservation across age transitions. For each input celebrity im-
age, we perform age progression and regression cycles (e.g., 40→20→40 (top left), 40→60→40 (top right), 20→40→20 (bottom left),
60→25→60 (bottom right)) and compute both Reference Identity Similarity (between the re-aged output and a real image at the target age)
and Cyclic Identity Similarity (between the input and its cyclic reconstruction). Across all age cycles, our method consistently achieves
higher identity similarity compared to HRFAE, CUSP, and FADING, demonstrating more faithful identity retention during both forward
and reverse age transformations.

Figure S7. Short-range aging analysis for identity preservation.
Each row shows aging results within a narrow age window (±2
years) around the input age. Our method preserves identity excep-
tionally well across all nearby target ages, producing nearly indis-
tinguishable facial structure, expression, and texture from the orig-
inal input. This demonstrates that even under fine-grained age per-
turbations—where inconsistencies are easiest to detect—FaceTT
maintains stable and coherent identity features without drifting or
introducing artifacts.

exaggerated changes, distorting facial features. Similarly,
improper selection of τ2 affects the smoothness of the trans-
formation. The optimal configuration, (τ1, τ2) = (35,15),
provides the best trade-off between structural consistency
and realistic aging effects, as demonstrated in Figure S10.

S4.2. Statistical Analysis of Hyper-Parameter
To further validate our approach, we incorporated a statisti-
cal analysis in Fig. S11, where the mean ± standard devia-
tion of the predicted ages is reported for different age groups
across various hyperparameter configurations. This evalu-
ation was conducted on the CelebA-HQ dataset to assess
the consistency and accuracy of the generated age trans-
formations. The statistical trends observed support the ro-
bustness of our chosen hyperparameters, ensuring realistic
and demographically appropriate age progression across the
dataset.
Biometric Matching Analysis: Inspired by [1], we per-
form a biometric verification study on the FFHQ dataset.



Figure S8. Ablation analysis on different ξ values being used in the
proposed Angular Inversion technique. The results demonstrate
how different ξ values influence the balance between preserving
identity and achieving accurate transformations to match the target
prompts (e.g., age 2 or 60 years). Among the tested values, ξ =
1.2 provides the best results, striking an optimal trade-off between
transformation fidelity and identity preservation.

Figure S9. Ablation analysis on different ηth values in the pro-
posed Adaptive Attention Control technique. The results illus-
trate how varying ηth impacts the trade-off between maintaining
structural consistency and achieving accurate aging transforma-
tions. Lower values (e.g., ηth = 0.03) retain excessive source
attributes, leading to incomplete aging effects, while higher val-
ues (e.g., ηth = 0.06) introduce artifacts and distortions in fine de-
tails (highlighted in black boxes). The optimal value, ηth = 0.05,
provides the best balance, ensuring realistic aging transformations
while preserving important identity and contextual details.

Figure S10. Ablation analysis on different (τ1, τ2) values in the
Adaptive Attention Control technique, investigating their effect on
balancing structural preservation and non-rigid transformations.
Lower values of τ1 (e.g., 25) retain more source characteristics but
limit the effectiveness of the transformation, while higher values
(e.g., 40) can lead to excessive modifications, causing distortions
in fine details (highlighted in red boxes). Similarly, an improper
choice of τ2 can result in either overly rigid transformations or un-
desirable warping effects. The best balance is achieved with (τ1,
τ2) = (35,15), ensuring natural age transformation while preserv-
ing key identity features.

Table S4. Biometric matching results between original and re-aged
images on FFHQ dataset. The metrics are False Non Match Rate
(FNMR) at False Match Rate (FMR) = 0.01/0.1%. Lower is better.

Method 2 12 25 35 45 60
CUSP 0.52/0.28 0.22/0.11 0.31/0.13 0.27/0.09 0.23/0.07 0.45/0.10

AgeTransGAN 0.73/0.51 0.52/0.25 0.52/0.38 0.47/0.41 0.36/0.30 0.38/0.24
ADFD 0.97/0.91 0.79/0.69 0.77/0.68 0.68/0.63 0.69/0.60 0.77/0.67

FADING 0.55/0.49 0.11/0.07 0.26/0.09 0.25/0.07 0.25/0.07 0.33/0.12
FaceTT 0.60/0.49 0.18/0.10 0.06/0.06 0.02/0.01 0.03/0.02 0.13/0.07

Following the standard verification protocol, we report the
False Non-Match Rate (FNMR) at two operating points of
False Match Rate (FMR) = 0.01 and 0.1%. This experi-



Figure S11. Statistical analysis. Targeted predicted age: 65.14±4.86

Table S5. Comparative analysis on CelebA-HQ dataset for young-
to-60 task. Best score: in red , second-best score: in green .

Techniques Predicted age Blur ↓ Gender ↑ Smiling ↑ Neutral ↑ Happy ↑
Analysis on Inversion techniques

Real Images 65.14 ± 4.86 1.73 — — — —
Null-Text [14] 69.88 ± 6.20 2.18 98.44 76.17 56.54 73.19
Negative [13] 69.35 ± 5.51 2.69 98.23 74.35 61.77 69.19
Proximal [7] 68.39 ± 6.74 2.49 98.13 73.99 63.94 71.98
Direct [9] 61.84 ± 6.80 2.18 99.71 73.74 64.65 66.23
Angular (Proposed) 62.05 ± 6.81 2.18 99.79 78.31 62.67 72.17

Analysis on editing techniques

Real Images 65.14 ± 4.86 1.73 — — — —
P2P [8] 57.31 ± 4.23 2.31 97.40 72.07 61.19 65.77
MasaCtrl [2] 57.23 ± 7.65 2.57 96.90 75.39 64.25 66.32
PnP [16] 69.35 ± 6.26 2.30 98.67 78.22 62.15 69.85
FPE [11] 68.45 ± 6.32 2.27 97.53 73.39 62.36 67.20
AAC (Proposed) 62.05 ± 6.81 2.18 99.79 78.31 62.67 72.17

ment measures how well aged faces remain recognizable to
a pretrained face recognition model [5]. Table S4 presents
FNMR@FMR across six aging distances (2, 12, 25, 35, 45,
and 60 years) for CUSP, FADING, and our FaceTT. Lower
FNMR indicates stronger identity retention. FaceTT consis-
tently achieves the lowest FNMR (particularly for the mid-
dle and older age groups). Notably, at a 35-year aging dis-
tance, FaceTT achieves an FNMR of 0.02/0.01, represent-
ing a significant improvement over competing methods.

The additional analysis is illustrated in Figures S12,
which shows a visual comparison between the proposed
Angular Inversion and existing inversion techniques [7, 9,
13, 14]. This comparison shows that the Proximal Inver-
sion [7] achieves partial alignment with target prompts but
struggles with fine details, resulting in inconsistent trans-
formations. While Negative-Prompt Inversion [13] en-
hances alignment, it introduces distortions, particularly in
extreme age changes. Null-Text inversion [14] provides bet-
ter prompt alignment but compromises identity and realism,
leading to overly smoothed features. Direct Inversion [9]
maintains facial structure but lacks the adaptability needed
for extreme transformations, which results in artifacts. In
contrast, our Angular Inversion method captures fine details
and preserves semantic alignment and identity, resulting in
realistic and coherent age transformations. Its balanced per-
formance proves its superiority over existing methods.

Figures S13 show an additional comparison of the pro-
posed AAC with existing image editing techniques, includ-

ing P2P [8], PnP [16], MasaCtrl [2], and FPE [11]. It shows
that P2P struggles to balance alignment and identity, often
resulting in exaggerated or distorted features. While PnP is
more consistent, it is still prone to artifacts, especially in ex-
treme cases. MasaCtrl improves prompt fidelity but tends to
overemphasize features, resulting in unnatural transforma-
tions. FPE balances structure and identity but lacks adapt-
ability in extreme cases, resulting in overly smooth results.
In contrast, our AAC outperforms these methods by modu-
lating attention mechanisms to achieve semantic fidelity and
identity preservation. It delivers realistic transformations,
handling challenging cases like extreme age regression or
progression with natural, coherent outputs.

S5. Ethical Concerns
The development of facial re-aging technology raises sev-
eral ethical considerations that must be addressed to ensure
responsible usage. The ability to manipulate facial features
across different age groups brings up concerns about pri-
vacy, identity misuse, and potential exploitation. For exam-
ple, re-aging technology could be misused to create decep-
tive content, such as deepfakes, which might lead to mis-
information or harm an individual’s reputation. This chal-
lenge is applied to all image editing methods in general.
However, advancements in detecting and mitigating mali-
cious edits are evolving quickly. We believe our work will
support these efforts by providing insights and access of the
proposed image editing and generation process.

S6. Baseline Details
Our proposed framework for facial re-aging is compared
with three SOTA methods [3, 6, 18]. Details of these base-
lines are as follows:
• HRFAE [18], a hybrid model that uses feature-aligned

encoders to preserve identity and achieve photorealistic
re-aging effects. However, HRFAE often struggles with
extreme age transformations, leading to minor inconsis-
tencies in older age predictions.

• CUSP [6] combines cycle-consistent adversarial net-
works with spatial priors to achieve smooth age progres-
sion and regression. Despite its ability, CUSP sometimes
fails to capture fine-grained aging details accurately.

• FADING [3] uses null-text inversion [14] and attention
control for facial image editing with a pre-trained diffu-
sion model. Despite high-quality results, it faces chal-
lenges with identity consistency in extreme age edits and
is computationally intensive for real-time applications.

To validate the effectiveness of our proposed angular inver-
sion technique, we compare it with existing inversion tech-
niques [7, 9, 13, 14].
• Null-Text Inversion [14] uses pivot tuning with null-text

prompts for better alignment but suffers from inefficien-



Figure S12. Comparison of different inversion methods for facial re-aging across multiple target ages (2 → 60 years). Proximal, Null-Text,
Direct, and DDPM inversion each introduce distortions or identity drift during the re-aging process. Proximal Inversion often produces
inconsistent geometry and blurry structural changes, leading to unnatural aging transitions. Null-Text Inversion exhibits significant shape
warping and texture artifacts (blue boxes), particularly in early-age predictions. Direct Inversion suffers from identity inconsistency and
incorrect facial proportions across ages, while DDPM Inversion frequently alters key identity features (blue boxes), causing the re-aged
outputs to deviate from the input subject. In contrast, Angular Inversion yields stable, high-fidelity reconstructions with smooth and realistic
age progression, maintaining consistent identity cues from childhood to old age. The results highlight that Angular Inversion achieves the
most reliable and artifact-free initialization for age editing, enabling accurate transformations across the entire age spectrum.



Figure S13. Comparison of age editing using P2P, PnP, MasaCtrl, FPE, and our Adaptive Attention Control (AAC) across target ages 2→60.
Existing attention-based editing methods exhibit noticeable artifacts and identity inconsistencies: P2P often produces over-smoothed faces
and distorted geometry (blue boxes), especially for younger ages; PnP struggles with preserving identity and frequently introduces incorrect
mouth and eye structures; MasaCtrl shows unstable attention modulation, leading to drifted identity and inconsistent aging patterns; and
FPE tends to hallucinate textures or distort facial regions (blue boxes), particularly in older targets. In contrast, AAC achieves smooth and
coherent age progression while consistently preserving identity, facial structure, and attribute integrity across the entire age spectrum. The
results demonstrate that Adaptive Attention Control provides more precise, stable, and semantically aligned guidance than prior attention-
editing approaches.



cies in computation.
• Negative-Prompt Inversion [13] speeds up inversion by

approximating DDIM inversion, but sacrifices reconstruc-
tion quality.

• Proximal Inversion [7] improves Negative-Prompt In-
version by using proximal guidance, but struggles with
latent space disruptions, particularly for complex trans-
formations.

• Direct Inversion [9] separates source and target branches
for better content preservation but faces challenges with
complex edits, especially when large attribute shifts are
required.

We also validate the proposed AAC editing technique with
existing baselines [2, 8, 11, 16].
• Prompt-to-Prompt (P2P) [8] adjusts cross-attention to

maintain spatial consistency in edits. Although effective
in many scenarios, it struggles with transformations re-
quiring significant structural changes.

• Plug-and-Play (PnP) [16] modifies attention maps for
text-driven image editing but introduces minor artifacts.

• MasaCtrl [2] enables mutual self-attention control but
generates noticeable artifacts in challenging transforma-
tions.

• FPE [11] modifies self-attention maps for stable edits but
struggles with precise age-specific effects.
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