
Structure-Guided Diffusion Models for High-Fidelity Portrait Shadow Removal
— Supplementary Material

This supplementary material accompanies our paper
“Structure-Guided Diffusion Models for High-Fidelity Por-
trait Shadow Removal”, including details of the adversar-
ial loss for training SE-Net, visual illustration of SE-Net’s
network architecture, more portrait shadow removal results,
our results on natural images, and additional validation re-
sults for the robustness to inaccurate masks.

1. Adversarial Loss for Training SE-Net
The adversarial loss LGAN in paper is defined as:

LGAN =E
[
log

(
D(Gp(I))

)]
+

E
[
log

(
1−D(Gs(Isyn))

)]
,

(1)

where D is a discriminator for determining whether the
structure maps generated by our SE-Net (referred to as Gs)
are in the same domain as the output of the trained PDG
model [3] (denoted by Gp).

2. Network Architecture of SE-Net
Figure 2 gives the details the network architecture of SE-
Net, where we denote the output channel as c, the convolu-
tion kernel size as k, stride in a convolution layer as s, and
“Norm” as instance normalization.

3. More Portrait Shadow Removal Results
Figures 3-24 provide more visual comparison of portrait
shadow removal on the PSM dataset [4] and our collected
dataset. As can be seen, for all these cases, our method
generates high-quality results and clearly outperforms the
others.

4. Our Results on Natural Images
To adapt our method to shadow removal of natural images,
we replace the PDG model from [3] with a generic edge
detection model from [1], and then train our framework on
ISTD dataset [2]. As shown in Figure 25, even without any
parameter tuning or model fine-tuning, our trained model
produces very competitive results for natural images from
the test set of ISTD, which are comparable or even better

than current leading natural image shadow removal meth-
ods, manifesting the effectiveness of our shadow removal
framework.

5. Extended results of mask robustness tests
(60%–80% coverage)

As shown in Figure 1, our method is able to produce
satisfactory shadow removal results even large inaccurate
shadow masks covering 65% and 75% of the entire image
are utilized, validating the robustness of our method to in-
accurate masks.

Result_2 GTMask_2 (75%)Mask_1 (65%) Result_1

Figure 1. Shadow removal performance under varying mask
inaccuracies.
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Figure 2. Visual illustration for the network architecture of SE-Net.
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Figure 3. More visual comparison of portrait shadow removal on the PSM dataset [4].
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Figure 4. More visual comparison of shadow removal on the dataset provided in [4].
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