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Figure 1. The architecture of auto-encoders for natural image domain I (left), reflectance domain R (middle) and shading domain S (right).

We provide more implementation detail and experimental results in this supplementary material. In detail, we prove more
network architecture detail in Section A; we provide more training detail in Section B. Section C shows more visual results
on MPI Sintel intrinsic benchmark [1]. Section D shows more visual results on MIT intrinsic dataset [4]. Section E shows
additional qualitative results on IIW benchmark [7]. Section F shows more visual results on ShapeNet intrinsic dataset [2].

A. More Network Architecture Detail

The three auto encoders for three different domains are silimar. We only shown one of them in the main manuscript and
in this supplementary material, we provide the implementation detail for all three auto-encoders in Figure 1.

Also, the detail of content encoder and shading encoder is illustrated in Figure 2. The content encoder consists of several
strided convolutional layers followed by residual blocks. The style encoder contains several strided convolutional layers
followed by a global average pooling layer and a fully connected layer.

B. Training details

The proposed framework is implemented with PyTorch. We adopt ADAM solver for optimizing. The learning rate is
initialized at 1e-4, and decreased to 1e-5 to generate further improvement. The parameters of generators (including encoders,
decoders and mapping) are initialized with the Gaussian method, the parameters of discriminators are initialized with the
Kaiming method. The training samples are randomly shuffled at the beginning of each epoch. The model are trained and
tested on an NVIDIA Titan X GPU.
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具体模块的实现
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Figure 2. The detailed architecture of content encoder Ec and distribution prior encoder Ep.

C. Extra results on MPI Sintel
In Figure 3, we show more qualitative results on the MPI Sintel intrinsic benchmark. Additional visual results of test

patches are shown in Fig. 4.

D. Extra results on MIT intrinsic dataset
Figure 5 shows more visual results on the MIT intrinsic dataset. The reference results are also presented for better compar-

ison of image intrinsic decomposition methods. From the final output, it can be observed that our proposed method generates
better results than the existing unsupervised methods [5] and even comparable to recent supervised method FY18 [3].

E. Extra results on IIW
Figure 6 shows more visual results on the IIW dataset. The reference results are also presented for better comparison of

image intrinsic decomposition methods. From the final output, it can be observed that our proposed method generates better
results than the existing unsupervised methods [6] and even comparable to recent supervised method FY18 [3].

F. Extra results on ShapeNet intrinsic dataset
Figure 7 shows more visual results on the ShapeNet intrinsic dataset. It can be observed that the natural images can be

decomposed properly.
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Figure 3. Extra visual results on MPI Sintel benchmark. Compared with state-of-the-art supervised method FY18 [3] and unsupervised
method LS18 [6].
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Figure 4. Extra visual results on patches of MPI Sintel benchmark. Compared with state-of-the-art supervised method FY18 [3] and
unsupervised method LS18 [6].
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Figure 5. Extra qualitative comparison on the MIT test set. FY18 [3] is supervised method. LS18 [6] is unsupervised.
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Figure 6. Extra qualitative comparison on the IIW test set. FY18 [3] is supervised method. LS18 [6] is unsupervised.
.
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Figure 7. More visual results on the ShapeNet intrinsic dataset.
.


