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Appendix

A Details of Our Benchmark

First, as illustrated in Fig. [ST} we present our criteria for categorizing our proposed VintageFace
benchmark into simple, medium, and severe degradation levels. Specifically, we employ a frozen
CLIP model to compute the similarity between each old photo and a textual description of degradation
severity. Images are then ranked by their similarity scores and assigned to categories accordingly. To
ensure accuracy, we further manually corrected a small number of misclassified samples.

Second, as shown in Fig[S2] we display representative examples from each degradation level in
the VintageFace benchmark. These examples demonstrate varying degrees of blurring, fading, and
structural damage, and are largely consistent with the classification criteria established in Fig[ST]
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Figure S1: Method for categorizing degradation types into simple, medium, and hard levels in our
benchmark VintageFace for testing.

Figure S2: A showcase of representative facial images with varying degradation types from our
VintageFace benchmark. The benchmark includes faces across diverse genders, ages, and ethnicities.
B More Comparisons

First, we provide additional visual results in the appendix (e.g., Fig[S3] Fig[S6] and Fig[S7) to com-
plement the main text. These figures showcase the restoration performance on old face photographs
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Table S1: Quantitative comparison on real-world BFR benchmarks that contain old face photos, like
WebPhoto-Test and CelebA-Child. Bold and underlined indicate best and second best results.

Dataset Metric GAN-based Diffusion-based (Learning) Diffusion-based (Train-free)
‘ GPEN [1] Code [2] | DifFace [3]  DiffBIR [4] | DDNM [5] PGDiff [6] Ours
WebPhoto-Test | FIDL 1013 832 89.1 91.8 165.6 96.1 86.9
NIQE, | 6326 4705 4.831 6.069 9.259 5117 4.406
——FID} 1130 1162 113.1 1189 512 L0 1127
CelebA-Child | \yop | | 4045 4983 4318 5.549 6.576 5070 4.524

across diverse genders, ethnicities (Asian, European-American, and Indian), and age groups. Our
method effectively balances perceptual quality and identity preservation: the restored images exhibit
minimal artifacts or breakage while maintaining faithful facial identity.

Second, we observe that widely used blind face restoration benchmarks, such as LFW-Test and
CelebChild, also include a substantial number of old face photos. However, these differ from our
dataset in that they primarily exhibit blurring, with no significant structural damage and limited
fading. To demonstrate the generalization and effectiveness of our method, we compare it with
state-of-the-art approaches on these two benchmarks. Following previous works [2 6], we adopt
FID and NIQE as evaluation metrics. As shown in Table our method achieves good quantitative
results on both benchmarks. Furthermore, we provide visual comparisons in Fig.[S8] which reveal
that our method not only effectively addresses blurring but also excels at restoring facial color. This
perceptual advantage, particularly in color restoration, is not fully captured by quantitative metrics.

Thirdly, VintageFace primarily consists of frontal photos, as portrait photos decades ago were typically
studio-based, focusing on clearly capturing facial features, making profile shots rare. Additionally,
eyewear was less common, resulting in fewer photos with glasses. Consequently, our data has fewer
such samples. Nevertheless, as shown in Fig. SSDiff performs robustly across these scenarios,
including glasses, profile shots, and severe degradations, consistently yielding favorable results.

C More Ablation

Robustness of Pre-trained Networks. Our SSDiff is generally robust to inaccuracies in external
components (face parsing, scratch detection, style transfer). These networks only provide coarse
directional signals during reverse diffusion, similar to classifier-guided diffusion, and are not strict
constraints. As long as the guidance is not severely misleading, the strong generative prior of the
frozen diffusion model dominates reconstruction. To quantify this robustness, as shown in the
Table[S2] Table[S3] and Table[S4] we conduct ablations on the Medium type subset:

For parsing map networks, we introduce inaccuracies by replacing the original parsing maps with
pseudo-label parsing maps of different strengths s, where the resulting errors are even larger than
those observed in parsing maps under severe degradations (79% IOU). The resulting IoU with the
original parsing map is: for s=2.5e-4, IoU=76% (24% discrepancy); for s=1e-4, IoU=70% (30%
discrepancy); For scratch detection networks, we randomly flip 10%, 20%, and 30% of the masks of
breakage regions to simulate a situation where some of the breakages have not been detected; For
style transfer networks, we weaken the style transfer guidance by reducing the style factor o from 0
to 0.1 and 0.2, slightly affecting color and content.

Table S2: Parsing Maps. Table S3: Scratch Masks. Table S4: Style Transfer.
Ours 76% 70% Ours 10%flip 20%flip 30%flip  Ours (a=0) a=0.1 a=0.2

FID(]) 128.3 131.1 133.4 1283 129.2 130.7 1325 128.3  129.2 128.8
MAN-IQA(T) 0.395 0.391 0.382 0.395 0.391 0.379 0.381 0.395 0.396 0.392
Face Sim.(f) 1 09850955 1 0974 0953 0.937 1 0.977 0.959

Here, Face Similarity (range [0, 1]) denotes the cosine similarity between features (extracted with
ArcFace [7])) of the perturbed restoration and the original restoration (Ours). These results show that
errors in the pre-trained networks are not severe, and the strong generative prior of the diffusion
model can propagate the correct cues to other regions, preventing significant performance drops. This
demonstrates that SSDiff is robust to these pre-trained networks.
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Wearing Glasses

Figure S3: Visualization of SSDiff under wearing glasses, different poses, and severe degradation.

Latency. Our method is built upon existing pre-trained diffusion face generation models, where
additional inference overhead mainly comes from four components: a simple restore, a face parsing
network, a scratch detection network, and a style transfer network. All components are lightweight
and are executed at a single denoising step rather than throughout the entire process. Moreover, except
for the style migration network, the other three can optionally be pre-processed offline. When all four
components are executed online, the average latency for processing a single old face photo is 95 ms
on an NVIDIA GeForce RTX 4090. If the three offline-optional components are pre-processed, the
average latency is reduced to 24 ms. In contrast, PGDIiff [6] requires semantic information extraction
at each denoising step, introducing a latency of about 10 s. Therefore, our method only introduces
minimal latency to existing pre-trained generation diffusion frameworks.

Computational Cost. As shown in Ta- Table S5: Quantitative comparison on computational
ble[S5] we further compare the number of  costs with existing diffusion-based BFR methods.
Parmas, FLOPs, and inference time of our
method with existing diffusion-based face
restoration methods [3| 4] [6]. We let the
restore be performed offline; our method
performs excellently. Our method is smaller in terms of the Parmas and FLOPs counts, especially
compared to stable diffusion-based methods like DiffBIR [4]].

Costs DifFace [3] DiffBIR [4] PGDiff Ours
Parmas] 175.4M 1717M 47. M 45.4M
FLOPs| 268.8G 24234G 127.5G 120.7G

D Broader Impacts

This work focuses on accurately restoring old face photographs, with potential applications in cultural
heritage preservation and family history archiving. However, we acknowledge that the proposed
method could be misused for malicious purposes, such as data forgery or identity-related fraud. We
advise the public and downstream users to exercise caution and consider appropriate safeguards when
deploying such technologies.

) \I Face Restoration

Method

Image Restoration
Method

Image Restoration l

Method A
Non-face Combine I—s
Regions

Figure S4: (Left) Face images are highly sensitive to artifacts, directly restoring photos containing
faces with image restoration methods may results in visually disturbing results. (Right) A common
strategy involves cropping and aligning facial regions, followed by restoration using face restoration
methods, while non-facial regions are enhanced with image restoration methods to ensure visual
perception. Therefore, old photo face restoration holds practical value for old photo restoration.

E Necessity of Old-Photo Face Restoration

While general image restoration methods [8]] aim to restore the entire image holistically, we argue that
dedicated face restoration [9} [10, [11] is necessary and beneficial, especially in the context of severely
degraded old portraits. As illustrated in Fig.[S4] directly applying general real-world image restoration
models [[12] to facial regions may introduce noticeable artifacts, even when these methods perform
reasonably well on background areas. This is because facial regions are typically small in size,
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contain rich structural priors (e.g., eyes, nose, mouth), and are highly sensitive to local distortions.
Artifacts in these regions are particularly perceptible and detrimental to human perception.

Similarly, old face photos suffer from unique degradation patterns such as heavy blurring, fading, and
structural damage. Applying global restoration methods [12} 13} |14] to these faces without region-
specific modeling frequently leads to distorted identity features or unnatural textures. Therefore,
we advocate for face-specific old photo restoration approaches [} 16 [15] that focus on preserving
facial identity and fidelity, while allowing general old photo restoration techniques [[16] to handle
the surrounding non-facial regions. This targeted strategy ensures high-quality restoration where
perceptual sensitivity is highest and complements broader restoration pipelines. Therefore, we
respectfully believe the task of old photo face restoration holds specifically practical value.
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Figure S5: Qualitative comparisons with existing methods on our VintageFace.
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Figure S6: Qualitative comparisons with existing methods on our VintageFace.
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Figure S7: Qualitative comparisons with existing methods on our VintageFace.
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