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In this supplemental document, we provide a detailed derivation of the OLAT decompo-
sition and the face reflectance fields in Sec. 1. We then provide a summary of related works
in Sec. 2, to better highlight our work with respect to the literature. In Sec. 3 we provide
the detailed network architectures of our Face Prior Network and our Reflectance Network.
Further, we discuss the lightstage dataset used to train our method in Sec. 4. Implementation
details are given in Sec. 5, where we also show additional results on relighting and view-
point synthesis of our method, with different numbers of input views. We also discuss the
failures of baseline methods (PhotoApp in Sec. 6, NeLF in Sec. 7). In Sec. 8 we showcase
our intermediate OLAT results. Furthermore, in Sec. 9 we provide a detailed ablative study
on various design choices of our proposed solution. In Sec. 10 we analyze the limitations of
our proposed method. In addition to this supplemental document, we have included multiple
videos summarizing all our results.
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1 Detailed derivation of OLAT decomposition

Obtaining complex lighting conditions by linearly combining OLAT images according to en-
vironment maps is a principle that is well-studied in the literature [2]. We find it worthwhile
to show that this principle is actually compatible with NeRF’s volumetric rendering model
[8]. We already gave a short description of this compatibility in the main paper, but we repeat
the argument here in a more detailed form.

Debevec et al. [2] argue that under the assumption that all sources of incident light are
sufficiently far away from the face we can describe lighting conditions by a function Li,.(W).
This function only depends on the direction w 2 S from which radiance is incident and
indicates the amount of that radiance, where S is the set of all such directions. We introduce a
combination of a volume density function [8] and a reflectance field [2], that we call volumetric
reflectance field: A volumetric reflectance field is a pair (S;R), where the volume density
function's : R> ¥ R maps scene points to density values and the function R(W;x;d) indicates
the fraction of Li,. (W) that is reflected from point x in the direction d.

The additiveness of light transport allows us to describe the total amount Loy (x;d) of

radiance reflected out of point x in the direction d as
z

Low(x;d) ;= R(w;x;d) Lipc(W) dw (1)
w2s

We assume that image formation follows the volumetric principles described by Mildenhall
et al. [8], i.e. we assume a ray ro:q() = 0 +td being shot through a camera pixel into the

scene, and describe the amount of radiance accumulated along this ray as

(O] 1
Z Zt

L(r):= T@) s((t)) Louw(r(t);d) dt with T(¢) := exp @ s(r(s))dsA 2)

In n

where t,,;#; are bounds within which the entire face is contained.

In order to bridge the gap between the OLAT conditions of the dataset and real world
lighting conditions, we discretize the dense set of incident light directions S to a finite set
I, with one direction i 2 I per OLAT light source where S; S represents a subset. We now
approximate the following:

Low(x;d) R(w;;x;d) Linc(i) (3)
i2l
R
where W; is the incident light direction of OLAT light source i and Linc (i) 1= o s, Linc (w) is
the discretized version of L.

The property of OLATS that allow to compose complex lighting conditions can now be
derived as follows:

Under OLAT conditions there exists a single i 2 [ that contributes some radiance L; :=
Linc(?) (i-e. only lamp i is turned on), while for all j & i we have Liy.(j) = 0. Thus, for a given
ray r with origin o and direction d, the accumulated radiance L(r) is approximated by

7l
L@i;r):= T() s(r@t)) R(W;r(r);d) L;dr “)

In
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Under non-OLAT conditions all we know is that 8i 2 I there must exist some factor f;,
s.t. Linc (i) = f; L;. This allows us to equate

7l
L(r)  T@) s(@) Rw;r@);d) fi Lidt

f i2l

2 5)
= fi T s@(@®) Rw;;r(r);d) Lidt= f; L(i;r)
21 i21
Eq. 5 shows that under the stated assumptions we can render the face under any given
lighting specification (f;);2; just as a linear combination of OLAT images. The errors caused
by the approximations ( ) in the derivations above reduce as we increase the number of
OLAT directions that are used to discretize S.

2 Related Works

In Tab. 1, we compare several NeRF based relighting methods to VoORF. As shown in the
table, our method can work with as low as single image at test time.While many methods
require illumination of given test scene as input to perform relighting, our method can work
without scene illumination as input. NeRFW models effects of illumination variation using an
appearance latent code, which doesn’t have any physical meaning. In contrast, our method can
relight face with physically meaningful environment maps (termed as "semantic illumination"
in table Tab. 1).

NerRV | NeRF- 1 \erD | NerRFW | NRF | NetE | Ours
actor OSR
Input Views > 1 > 1 > 1 > 1 > 1 > 1 1
required
Works with
unl.<n.0 wi No Yes Yes Yes Yes Yes Yes
original
illumination
Se;rllﬁlntlc Yes Yes Yes No Yes Yes Yes
Works on
unseen test No No No No No Yes Yes
scenes

Table 1: NeRF-based relighting methods come with different feature sets: They require dif-
ferent numbers of input views, might require original illumination to be known, or only work
on training scenes.



4 RAO ET AL.: VORF - SUPPLEMENTAL
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Figure 1: The architecture of our Face Prior Network P is based on that of NeRF [8]: Input
vectors are green, latent vectors are dark blue and outputs are red. g denotes positional
encoding [8]. Each light blue block represents the result of a fully connected layer, with the
labelling number being the number of output values. Braces represent concatenation, black
arrows represent ReLU activation functions. The light green arrow is the identity function.
The dashed black arrow is a sigmoid activation function. The vector Fp is used as an input
for the Reflectance Network (R) (see Fig. 2).

3 Architecture Details

In this section we describe the architecture of both the Face Prior Network(P) and Reflectance
Network(R). As briefly discussed in the main paper, P is a NeRF-based architecture and in
Fig. 1 we explain the full model in detail. Furthermore, R is also a NeRF-based design that
takes light direction and face prior features from the 9’ layer of P In addition, R uses density
values (S) predicted by P for volume rendering. We show R in Fig. 2.

3.1 Algorithm Design

To clarify our training, fitting, and finetuning processes we provide Figs. 3 to 5 here. The final
relighting is done as presented in Fig. 3 in the main paper.
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Figure 2: The architecture & is also based on NeRB]J[ R takes a feature vectérp from
the 9" layer of P and incoming OLAT light directiony;. In addition, to synthesize an OLAT
image through volume rendering][ the volume densitg from P is used (see Fig. 1). For
the meaning of graphical elements see the caption of Fig. 1.

4 Lightstage Dataset

We utilize a lightstage datasetq] of 353

identities, illuminated by 150 point light

sources and captured by 16 cameras. The

light sources are distributed uniformly on

a sphere centered around the face of the

subject. For every subject each camera cap- (y) () ©

tures 150 images (1 per light source). AlFigure 6: We use a light stage datasked][that
the images are captured with the subjegtovides 150 different lighting conditions (a),
showing a neutral expression with their eyel6 camera angles (b) and 353 subjects (c). W
closed. While capturing each frame, therightened the images here, for better visual
light sources were turned on one at a timgation.

thus generating one-light-at-a-time (OLAT)

images. Fig. 6 gives an impression of the dataset.

4.1 Lightstage Test Dataset

For experiments that require a ground-truth reference, we created such a reference by
bining lightstage images according to different environment maps: We randomly samplec
unseen identities from the lightstage dataset and synthesized naturally lit images usin
randomly chosen unseen HDR environment maps, from the Laval Outdoor ddjaset fhe
Laval Indoor HDR datasef]. For all quantitative and qualitative experiments, we evaluat
only on the held-out views. For instance, given that the lightstage dataset has a total c
camera viewpoints, an evaluation method that takes three input views would be evaluate
the remaining 13 held-out views.
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Figure 3:Training: First, we train thé=ace Prior Networkalong with thez;. Next, we jointly
train all the components in orange from the gure in an end-to-end manner. This include
training theRe ectance Network

Figure 4:Fitting: Given an unseen test subject, we optindxgth frozenFace Prior Network
parameters. ThRe ectance Networks not used during bothiting and netuning (Fig. 5)
stages.

5 Results

In this section, we discuss the implementation details of our method and baselines. Furth
more we show more results on the H3D% st dataset, for the task of simultaneous view
synthesis and relighting.

5.1 Implementation Details

In order to capture the geometry of multiple heads along with various natural illuminations
we train the Face Prior Netwofk with 302 identities synthesized with 600 different natural
illuminations (see main paper, Sec. 3, last paragraph). The Re ectance NeRwsrkuper-
vised with only OLAT images. After learning a suf ciently good face prior, we jointly train
both the networks and sample OLAT images and naturally-litimages with equal probability
During training, we optimize Eq. 8 (in the main paper) with a batch size of 1 using the Adarr
Optimizer [] and learning rates & 10 ° for bothP andR, and of5 10 4 for the latent
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Figure 5:Finetuning: Upon convergence of thding process (Fig. 4), we jointly optimizz
andFace Prior Networko better capture the details of input data.

codes. We train stage 1 for about 2 days with a step sidetof 10° and stage 2 is trained
with a step size 08:5 1P using 3 NVIDIA Quadro RTX 8000 GPUs for 5 days. During
test, we perform the tting process fdi0;000steps with a learning rate &f 10 3 for the
latent code, followed by ne-tuning foB00Osteps with a learning rate & 10 © for P
using a single NVIDIA Quadro RTX 8000 GPU.

5.2 Baseline Implementation Details

For a fair evaluation, we retrain NeLFL], IBRNet [13] and SIPR [L4] on our lightstage
dataset. We train both NeLF and IBRNet using 16 views and ensure at least one front fa
view is included in each batch as required for both the methods. Since we train with a |
lightstage dataset, we estimate mask and depth maps from the Agisoft Metashape soft
and use that as reference for training NeLF and IBRNet. Due to the noisy depth maps
found that lowering the weight of their depth loss by a factor of 2 was useful for trainir
NeLF. We also train PhotoApp with the lightstage dataset following the details from t
original paper T]. We note, however, that PhotoApp cannot be trained with all 16 views
they require poses that can be projected into StyleGAN space. Thus, we train with onl
views that are closer to a frontal pose.

5.3 Results on Uncontrolled Data

We show more results of simultaneous relighting and view synthesis on the H3DS daftase
We show results using three input views (see Fig. 7), two input views (see Fig. 8) and
input view (see Fig. 9). Our technique produces photorealistic results and maintains
input identity. The generated identities are also view-consistent, which is crucial for me
applications. Refer to the followingupplemental videosfor additional results —
Novel_View_Synthesis.mpAdNovel_View_Synthesis_and_Relighting.mp4

6 PhotoApp Analysis

We compare our method against PhotoAh [PhotoApp utilizes the StyleGAN latent
space ] and learns to edit the illumination and camera viewpoint in this space. The meth



RAO ET AL.: VORF — SUPPLEMENTAL

3-Input views Novel views! Relit-views!

Figure 7: Novel view synthesis and relightings of our method on the H3DS daghsidefe,
we use 3 views as input. Target environment maps are shown in the lower left corners. O
technique produces photorealistic results and maintains the input identity even at extrer

viewpoints.






