HUST: High-Fidelity Unbiased Skin Tone Estimation via Texture Quantization

Supplementary Material

In this supplementary material, we first provide a de-
tailed description of the codebook training process (Sec. 1.
Then we introduce the datasets used in the main paper
(Sec. 2). Finally, we present additional qualitative results
to demonstrate the robustness of our method (Sec. 3).

1. Codebook Learning Details

We further detailed the training loss functions in codebook
learning. We use reconstruction loss, commitment loss, and
adversarial loss. The reconstruction loss L, is defined as

12
Lycc = HI — IH . Following the previous work [3, 7], we

also adopt commitment loss to reduce the distance between
the quantized feature z, and the feature embedding z:

Leom = sg[E@)] — 24|15 + Bsg [24) — EDIZ, (D)

where sg(-) denotes the stop-gradient operator and 3 is a
weight factor. To further reduce the difference between the
reconstructed textures and the input textures, we introduce
an adversarial training procedure with a patch-based dis-
criminator D, and the adversarial loss £,4,1 is defined as:
Lago1 = log(D(I))+log(1—D(I)). Finally, the overall op-
timization objective Ly, ctrqin in the codebook pre-training
process is:

= ﬁrec + »Ccom + )\O ' Eadvl» (2)
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where the loss weight )\ is set as 0.8.

2. Datasets

To create a high-quality facial texture codebook, we com-
pile a large-scale high-quality face dataset of 3,392,957 im-
ages. Our dataset is derived from the large-scale open-
source face dataset, WebFace260M [8]. All images have
face detection bounding boxes larger than 512 x 512 pixels.
Furthermore, we filtered out a high-resolution subset con-
taining 501,605 images, each with a face detection bound-
ing box exceeding 1024 x 1024 pixels. We provide example
images in Fig. | and statistical results in Fig. 4. For the ini-
tial two training phases, we employed our high-resolution
subset. In the final phase, we expanded to utilize the en-
tire dataset. We will open-source these images to enable
more researchers to advance related fields. Same as Web-
Face260M, our dataset and its subsets are for research pur-
poses only.

To verify the impact of large-scale datasets, we con-
ducted an ablation study on the dataset during the third
training phase. The existing VGGFace2 [1] contains 9,131

Figure 1. Examples of our large-scale face dataset, sourced from
WebFace260M [8]. Our images contain a lot of skin detail on the
face.

Method | IDs  PSNRt SSIMf LPIPS| ID?

VGGFace2 [1] 9131 27.88  0.9060 0.1413  0.5870
Comparison Subset 9131 28.02  0.9096 0.1340 0.6118
Ours All 120,312 29.14 09114 0.1109 0.7594

Table 1. Ablation study of dataset. All metrics are computed on
the CelebAMask-HQ dataset [5].
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Figure 2. Examples of diffuse albedo reconstruction results for
challenging inputs. We show the albedo results for the people
wearing makeups.

IDs, but the image resolution is low and the quality is poor.
Considering that our dataset far surpasses VGGFace2 in
terms of identity diversity and resolution, we sampled 9,131
IDs from the high-resolution subset as a comparison sub-
set. We conducted experiments on VGGFace2, the compar-
ison subset, and the complete dataset for the third training
phase, verifying the impact of increased training data res-
olution and number of identities on overall results. Since



Figure 3. Examples of diffuse albedo reconstruction results for
challenging inputs. The second, third, and fourth rows show the
reconstructed albedo, reconstructed albedo with illumination, and
UV albedo, respectively.
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Figure 4. Overview of our dataset. We show face size distribution
age distribution and ethnicity distribution in the dataset, respec-
tively.

CelebA-Mask-HQ [5] lacks ground truth (GT), we adopted
the same approach as ID2Albedo [6]: overlaying the recon-
structed albedo and illumination onto the original image to
calculate metrics, with results shown in Tab. 1. The exper-
iments demonstrate that improving resolution brings slight
improvements to overall results, while further increasing the

number of IDs significantly enhances model performance.

3. More Qualitative Results

We provide more albedo reconstruction results for challeng-
ing inputs (Fig. 2 and 3) and compare our methods with
TRUST [4] and ID2Albedo [6]. The results in Fig. 5, 6
and 7 show that our diffuse albedo achieves the highest
fidelity while maintaining comparable fairness. More de-
tails of the UV texture reconstruction are also shown in
Fig. 8,9, 10, 11 and 12.
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Figure 7. Comparisons on albedo details with ID2Albedo [6], TRUST [4] and Deep3D [2] diffuse albedo and rendered images. We achieve
the most realistic rendered results and our generated high-fidelity albedo preserves the skin texture, pores, and moles on the face.
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Figure 8. Visualization of texture reconstruction. Given a single image as input, our method reconstructs extremely high-quality texture
details.
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Figure 9. Visualization of texture reconstruction. Given a single image as input, our method reconstructs extremely high-quality texture
details.
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Figure 10. Visualization of texture reconstruction. Given a single image as input, our method reconstructs extremely high-quality texture
details.
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Figure 11. Visualization of texture reconstruction. Given a single image as input, our method reconstructs extremely high-quality texture
details.
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Figure 12. Visualization of texture reconstruction. Given a single image as input, our method reconstructs extremely high-quality texture
details.



