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In this supplementary material, we first present visual compar-
isons with InstructPix2Pix [BHE23], and additional results com-
paring our method with FADING [CL23], followed by compar-
isons against Gemini Nano Banana [G0026]. Next, we provide
extended visualizations of our 3D face re-aging results and the
demonstration of geometry changes. We then include further com-
parisons on both our internal dataset and NeRSemble [KQG*23]
against five baseline methods: InstructGS2GS (IGS2GS) [VH24],
GaussianEditor (GE) [CCZ*24], DGE [CLV24], and two hybrid ap-
proaches—IGS2GS+DiffReaging (IGS2GS+) and GE+DiffReaging
(GE+)—in which our DiffReaging model is integrated into the orig-
inal pipelines. We then provide additional numerical comparisons
for ablation study. Finally, we explore alternative 3D generative
methods for face re-aging, including LRM [HZG*23, XCG*24],
One-2-3-45 [LXJ*23,LSC*24], and FaceLift [LZYS25].

1. Additional Results for 2D Face Re-aging
1.1. Qualitative Comparisons

Comparisons with InstructPix2Pix. InstructPix2Pix [BHE23] al-
lows users to edit images using instructional text prompts. However,
as it is not specifically designed for facial age editing, it struggles
to accurately control age-related attributes and often introduces no-
ticeable artifacts when applied to face re-aging. As shown in Fig. 4,
InstructPix2Pix fails to consistently modify age while preserving the
subject’s identity. In contrast, our method demonstrates fine-grained
control over the age attribute, successfully transforming input faces
to target ages ranging from 10 to 80 years in 10-year increments.
These results highlight the effectiveness of our re-aging diffusion
model in generating realistic and identity-preserving outputs across
a broad age spectrum.

Comparisons with FADING. FADING [CL23] offers an approach
to age editing using diffusion models. However, it relies on inverting
the input image into latent noise and optimizing null text embed-
dings, followed by text-guided local age editing through attention
control. This inversion process often causes significant identity loss
and results in suboptimal age editing, as illustrated in Fig. 5. In
contrast, our re-aging diffusion model produces realistic age trans-
formations while effectively preserving the subject’s identity. It
achieves smooth, temporally consistent transitions, with the gradual
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and natural development of age-related features such as wrinkle
formation.

Comparisons with Gemini Nano Banana. Gemini Nano Ba-
nana [Goo026] is a interesting 2D re-aging baseline and can produce
2D age edit from text-prompts. However, these editing models are
designed for general-purpose image editing rather than re-aging.
As a result, they struggle with precise numerical age control. As
shown in Fig. 1, given input images of subjects aged 34 and 31,
respectively, and the prompt "modify the age into 30 years old",
Gemini Nano Banana struggles to accurately follow the specified
target age. In contrast, our method achieves precise age control and
generates results that more faithfully match the desired age.
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Figure 1: Here, we show comparisons against Gemini Nano Banana.
Gemini Nano Banana struggles with precise numerical age control.
In contrast, our method provides accurate and consistent age manip-
ulation, enabling reliable modification of the age attribute in input
images.

1.2. Quantitative Comparisons

To provide a more detailed numerical evaluation of the age-control
capability of our approach, we extend Table 1 in the main paper
to report identity preservation scores at individual target ages from
10 to 80 years, as presented in Table 1. While identity scores ex-
hibit a slight decline at both younger and older ages, our method
consistently outperforms competing approaches across the entire
age spectrum. Furthermore, our framework supports continuous age
manipulation.

In addition to Table 1 of the main paper, we also report re-aging






