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A BACKBONE ARCHITECTURE

A1 Input feature mappings

When feeding Lyys¢ and ryys; to our encoder, we compress radi-
ance L and depth disparity 1/d using the log +1 curve to lessen the
numerical effect of outliers in our training data:
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As our training and evaluation scenes have varying exposure, we
scale radiance per frame, mapping the average over all (x, y) coordi-
nates, colour channels and samples to one when providing radiance
data as input to our neural networks. In Equation 1, dividing by
Exys[L] denotes this operation.

A.2  Sample encoder

For our sample encoder we use a 32-channel, three-layer, fully-
connected network with leaky ReLU activations.

A.3  OURSSMALL

For our smaller network we consider a typical U-Net structrue
commonly used in previous work [Hasselgren et al. 2020; Isik et al.
2021; Munkberg and Hasselgren 2020]. Here, we use max-pooling,
LeakyReLU activations and concatenating skip connections.
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Our channel counts are the following:

¢96¢96d — ¢96¢128d — ¢128¢192d — ¢192¢256d
— ¢256¢384d — ¢512¢512¢384u — ¢384¢256u — ¢256¢192u
— ¢192¢128u — ¢128¢9%6u — ¢96¢96  (3)

A.4  OuRsSLARGE

Our 30 million parameter network (OURSLARGE) uses ConvNext
[Liu et al. 2022] blocks in the Restormer-like [Zamir et al. 2022]
configuration as described in Figure 1.

B DATASET

Inspired by Hypersim [Roberts et al. 2021], we leverage Evermo-
tion’s Archinteriors and Archexteriors collections to build our train-
ing dataset. These scenes contain production quality assets with
detailed physically based materials, far exceeding the quality and
diversity of datasets used in previous work. The light transport
of our training scenes also better matches photorealistic produc-
tion scenarios, in which we expect our denoiser to have the largest
impact.

We optimise 7 exterior and 8 interior scenes for the Falcor [Kall-
weit et al. 2022] renderer and manually add camera trajectories. We
generate 1024 64-frame-long training sequences. We randomly pick
a scene, a one-second camera trajectory segment, and an environ-
ment map for each sequence. We further perturb the camera tra-
jectory and add randomly moving sphere lights and objects nearby
the trajectory. We pick objects from the Amazon Berkeley Objects
Dataset [Collins et al. 2022] containing 7941 high-quality 3D models
with physically based materials and environment maps from the
Poly Haven HDRI Dataset containing 388 4K environment maps. We
randomise our generated sphere lights’ colour, size, and intensity.
We extract 256 X 256 motion compensated patches cropped from
a 1080 X 1920 virtual camera frames. The motion is compensated
by adjusting the crop offset according to the average optical flow
in the cropped region. This allows our training patches to capture
more temporal information. See Figure 2 for example frames of our
training set. We will share our dataset with rendered content upon
acceptance.

We choose to render our scenes with Falcor [Kallweit et al. 2022],
a fast GPU-based renderer suitable for real-time and interactive pre-
views, better matching potential applications. Most previous works
were performed using PBRT [Pharr et al. 2016], a CPU-based offline
renderer using slower but more advanced sampling algorithms; Fal-
cor’s path tracer requires double the sample count to meet the same
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