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Fig. 1. Extension of Figure 1 in the main paper. Image from Unsplash by Debby Hudson
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In this document, we provide additional information pertaining
to the implementation and preprocessing used for each dataset,
prior method, and for our proposed pipeline. Additionally, we give
an extended qualitative analysis comparing our method to prior
works not included in the main paper. We also include alternate
versions of various figures from the main paper. Finally, we provide
an extended figure and discussion about the efficacy of our proposed
multi-illumination training strategy.

A TRAINING DATASETS
We provide details on the datasets used to train our method, as well
as the process of preparing the data for training of our networks.

A.1 CGIntrinsics
The CGIntrinsics dataset [Li and Snavely 2018a] is a synthetic
dataset containing approximately 20,000 images rendered by the
Mitsuba renderer. Each image is (640 x 480) pixels and comes with
dense ground truth albedo values saved in PNG files. The lighting
effects are mostly Lambertian with some colorful inter-reflections
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and light sources. The images consist mainly of simple, uncluttered
indoor scenes.

A.2 Hypersim
The Hypersim dataset [Roberts et al. 2021] is a synthetic dataset
containing over 74,000 high-quality renders of approximately 460
different indoor scenes. Each image is (768 x 1024) pixels and is
factored into diffuse illumination, diffuse reflectance, and a non-
diffuse residual. The images are diverse and contain realistic lighting
effects. The images are provided as HDR images and we use the
provided code to tonemap them to LDR without performing gamma
compression. We then proportionally scale the albedo, to ensure it
is in [0, 1], and save it as a PNG image.

A.3 OpenRooms
The OpenRooms dataset [Li et al. 2021] is a synthetic dataset contain-
ing approximately 100,000 rendered images of 1,287 indoor scenes.
The rendered images are (480 x 640) pixels and have realism and
quality similar to the CGIntrinsics dataset. The dataset is provided
with HDR input images that we tonemap and clip using the same
technique as the other datasets

A.4 FSVG/GTA
To add more diverse image content, we utilize the dataset provided
by [Krahenbuhl 2018]. The dataset consists of over 100,000 captures
from the video game "Grand Theft Auto 5". The provided images are
(600 x 800) pixels and mainly consist of outdoor scenes with roads,
vehicles, buildings, trees, etc.

A.5 Multi-Illumination Dataset
The MIT Multi-Illumination Dataset [Murmann et al. 2019] consists
of over 1000 scenes captured under 24 varying illuminations. The
scenes are all taken indoors and contain various household objects.
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Fig. 2. Our proposed intrinsic decomposition pipeline. Image from Unsplash by Erik Binggeser.

Each image is captured using an automated bounce-�ash. The pro-
vided images are 1000x1500 in JPEG or EXR format, we tonemap
them using the same process as the synthetic datasets. Since each
image contains both a specular and di�use light probe, we also white
balance the images using the di�use light probe.

A.6 Preprocessing
For each dataset, we store the input images and their corresponding
albedo. We mask the ground-truth intrinsic components by exam-
ining the albedo values at each pixel. If the value is below0”004
we mark it as invalid since it is likely that the pixel does not have
a reliable albedo or shading value because; information was lost
during the image compression process, the pixel is on a sky-box,
or the pixel is on a highly non-Lambertian surface (such as glass).
When training models, we load the input images and albedo and
compute theimplied shading. In other words, given an image� and
its albedo component' we can compute the implied shading as
( = � • ' . We use these values to supervise our models.

B EVALUATION DATASETS
We provide speci�c details about the collection and processing of
the datasets used for evaluation of our proposed method.

B.1 ARAP Dataset
For the ARAP dataset, we collect the scenes provided by Bonneel
et al. [2017]. We include the scenes given in the supplementary
material as well as the extended set of scenes provided on their
website. There are52scenes in total, each scene may have multiple
illuminations resulting in157di�erent images. For each data point,
the authors provide the image and albedo. To compute the shading
we divide the image by the albedo. This results in a 3-channel col-
orful shading component. For fair comparison, we desaturate the
shading and re-multiply by the albedo to generate a white-balanced
input image. Additionally, we create a mask that omits pixels with
a very low albedo or shading value, in order to avoid evaluating
methods on pixels with inaccurate values or lost information.

B.2 IIW Dataset
We utilize the original implementation of the WHDR metric from [Bell
et al. 2014] and the test set split from Narihira et al. [2015]. For our
pipeline, we resize using the scheme described in Section 4.1 of the
main document. This generally results in an upscaled image, even
though no information is introduced, we �nd that the network can
produce better details when small images are upscaled. We then
send the image through our pipeline and downscale it to its original
size before evaluation.

B.3 SAW Dataset
For the SAW dataset, we follow the same resizing scheme used
for the IIW dataset. For evaluation, we utilize the implementation
provided by Li and Snavely [2018a].

C EVALUATION METRICS
We provide speci�c details on the parameters and implementation
used for each metric used to evaluate ordinal estimations.

C.1 Ordinal
We utilize the pair-wise ordinal metric (Ord.) proposed by Xian et al.
[2020] to evaluate the quality of ordinal estimations. This metric
randomly samples pairs of points from the image and compares
their ordinal relationship to that of the ground truth. We found
that if enough points are sampled, this metric varies little from run
to run. Nevertheless, we chose to precompute the sampled points
and reuse the same set of points for each model tested. For both
resolutions, we uniformly sample 10,000 pairs from the valid pixels
in each image.

C.2 D3R
We use the implementation of the D3R metric proposed by Mian-
goleh et al. [2021] for measuring the accuracy of ordinal relation-
ships across local image boundaries. The metric �rst generates a
superpixel segmentation of the image. To determine the ordinal re-
lationship between two pixels, we compute the ratio of their values.
For all neighboring pairs of superpixels, we �lter out pairs whose
ratio is in »0”9•1”1¼. This leaves pairs that have a su�cient di�erence
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Fig. 3. Extension of Figure 2 in the main paper. Top image from Unsplash by Mauro Lima

in brightness between them, denoted asP. For each of these pairs,
we use the ground-truth shading( to compute the ground-truth
ordinal relationships:

�A8 9=

(
0 ( 8•( 9 Ÿ 1

1 ( 8•( 9 ¡ 1
(1)

The same process is carried out on the estimated ordinal shading
to generateA8 9. The D3R metric is then computed as:

1
P

Õ

8 92 P

j �A8 9� A8 9j (2)

We do not consider any superpixels that are invalid according to
the provided mask for each image. We compute superpixels using an
implementation of SLIC (speci�cally SLIC-zero). For the384pixel
images we compute1000superpixels, and for theR0 resolution
images we compute3000superpixels. For both, we set the compact-
ness parameter to0”001. We �nd these parameters yield uniform
segments that still follow image gradients.

D TRAINING IMPLEMENTATION DETAILS
We provide additional details pertaining to the training of both the
networks in our proposed pipeline.

Training CGI OR HS FSVG MI
Synthetic Only 0.10 0.15 0.30 0.35 �
With Multi-Illumination 0.10 0.10 0.20 0.20 0.40

Table 1. Sampling probabilities for each dataset when training the ordinal
network. Values are chosen to reflect each dataset's size and quality.

D.1 Ordinal Training
We perform extensive augmentation on the ground-truth intrinsic
components when training the ordinal network. First, we perform
random hue and saturation shifting on the provided albedo values.
We additionally compute a random scaling of the red and blue
channels of the albedo to simulate random white balancing. We
combine these altered albedo components with the ground-truth
shading to generate a novel input image. To make our predictions
more robust to changes in resolution, we also perform random
scaling of inputs before randomly cropping a �xed-sized patch the
same size as the network's receptive �eld (384 x 384). This helps
the network learn to generate quality predictions at any resolution.
Finally, the inputs and ground truth are horizontally �ipped with a
50% probability.
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Fig. 4. Extension of Figure 12 in the main paper. Images from Unsplash by William Jones (le�) and Austin Wade.

We train the ordinal network with a batch size of8. For each batch
we randomly sample images from each dataset, the datasets are
sampled with the probabilities shown in Table 1. These probabilities
are chosen to re�ect the size and quality of each dataset. We �rst
train on only synthetic datasets for 700,000 iterations. We then use
these weights to generate the multi-illumination data. We continue
training for 300,000 iterations with dataset probabilities that are
biased toward the multi-illumination data.

Our main signal for ordinal shading estimation is a scale-and-
shift invariant (SSI) loss function on inverse shading, where the
scale and shift is estimated using least squares during training.
As mentioned in Section 5.2 of the main text, the least-squares
estimation that is required for scale-invariant losses for full intrinsic
decomposition creates instability especially during the early stages
of the training. This instability also applies to the SSI loss, although
it is less pronounced as the SSI least squares �t is computed on
the bounded inverse shading domain. While our inverse shading
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