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1. Semantic Side-Path
We adopt ResNet50 [7] with multi-grid method [3] as our semantic side-path and train it on the collected semantic an-

notations as we mentioned in the main paper. Here we provide more details about the collection procedure of the semantic
annotations.

To train the semantic side-path, we have collected 4,746 training samples containing pixel-wise semantic annotations for
the large-scale mirror detection dataset, PMD [9]. We choose to collect the semantic annotations of PMD dataset [9] for the
following considerations:

• Diversity. The diversity of PMD dataset [9] is much higher than MSD dataset [15] according to the statistics reported
by Lin et al. [9]. It indicates that more complex scenes and common objects are captured in the images, which
definitely involves stronger semantic associations between objects. We believe that this undoubtedly can enhance
model’s robustness as more cues are exposed by exploring the semantic associations.

• Lower the expense. Since PMD dataset [9] is collected from six public datasets [19, 20, 13, 2, 14, 12, 1], while most
of them [19, 20, 13, 2, 14, 12] contain pixel-wise semantic annotations. As a result, we can lower our expense by
extracting the semantic annotations from the existing datasets.

However, we notice that different datasets may involved different categories. For example, COCO dataset [10] contains
80 object categories and 91 stuff categories, while ADE20K [19, 20] has up to 3K object categories, which may cause
inconsistent problems if use these labels without any pre-process. As a result, we manually unified the categories across
different datasets and, at the end, we have manually selected the top 24 classes mainly based on the frequency of occurrence
as foreground and regarded the other classes as background. So, there are totally 25 classes in our semantic annotations set.
Figure 1 presents one example. It can be seen that the semantic annotations may be inaccurate when encountering mirrors,
for example, the reflected person is not considered as a part of mirror. Fortunately, the semantic maps usually expose rich
contexts and our method can handle the complex cases successfully by exploiting semantic knowledge and associations. We
post more results in Figure 2.

Input Semantic Annotations GT SP ours

Figure 1. Semantic Annotations, GT and our model’s predictions.
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Input Semantic Annotations GT SP ours

Figure 2. Semantic Annotations, GT and our model’s predictions.
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2. More Visual Results
2.1. Mirror Detection Results of images from internet

Input SP MirrorNet [15] PMD-Net [9] ours

Figure 3. Visual comparison on images from internet. In general, our model can be more robust in real-world scenes.
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2.2. Mirror Detection Results of images from datasets

Input SP GCPANet [6] BDRAR [21] CPNet [16] GloRe [5] PSPNet [17]

EGNet [18] DSC [8] DeepLabv3+ [4] MirrorNet [15] PMD-Net [9] ours GT

Input SP GCPANet [6] BDRAR [21] CPNet [16] GloRe [5] PSPNet [17]

EGNet [18] DSC [8] DeepLabv3+ [4] MirrorNet [15] PMD-Net [9] ours GT

Input SP GCPANet [6] BDRAR [21] CPNet [16] GloRe [5] PSPNet [17]

EGNet [18] DSC [8] DeepLabv3+ [4] MirrorNet [15] PMD-Net [9] ours GT

Input SP GCPANet [6] BDRAR [21] CPNet [16] GloRe [5] PSPNet [17]

EGNet [18] DSC [8] DeepLabv3+ [4] MirrorNet [15] PMD-Net [9] ours GT

Figure 4. Visual Comparison on PMD [9].
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Input SP GCPANet [6] BDRAR [21] CPNet [16] GloRe [5] PSPNet [17]

EGNet [18] DSC [8] DeepLabv3+ [4] MirrorNet [15] PMD-Net [9] ours GT

Input SP GCPANet [6] BDRAR [21] CPNet [16] GloRe [5] PSPNet [17]

EGNet [18] DSC [8] DeepLabv3+ [4] MirrorNet [15] PMD-Net [9] ours GT

Input SP GCPANet [6] BDRAR [21] CPNet [16] GloRe [5] PSPNet [17]

EGNet [18] DSC [8] DeepLabv3+ [4] MirrorNet [15] PMD-Net [9] ours GT

Figure 5. Visual Comparison on MSD [15]
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3. Statement and Acknowledgement
3.1. Licenses of Assets

PMD dataset [9]. Since the images in PMD are collected from six public datasets, all the images inherit their original
datasets’ licenses. The annotations of PMD are licensed under a BSD 3-clause License and only be used for non-commercial
purposes. We access to this dataset via https://jiaying.link/cvpr2020-pgd/.

MSD dataset [15]. You may access to the content of license adopted by this dataset in https://github.com/
Mhaiyang/ICCV2019_MirrorNet. The name of license is not clear.

RGBD dataset [11]. We access to this dataset via https://mhaiyang.github.io/CVPR2021_PDNet/index,
where you may find the ”Terms and Conditions” for this assets.

Images from internet. We collect some examples from internet to evaluate our model. We collect these images manually
by searching some keywords on Google. We try our best to avoid involving any personal data.

3.2. Protection on Personal Data/Human Subjects

We highly respect the privacy of personal data/human subjects. This work involves a number of images, which raise a risk
of privacy leak. We carefully check our materials and may use blur technique to protect the privacy of personal data/human
subjects.

3.3. Others

We will release our code and results once the paper is accepted.
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