VoLux-GAN: A Generative Model for 3D Face Synthesis with HDRI Relighting
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Figure 1. We propose VoLux-GAN, a 3D-aware generator that produces faces with full HDRI relighting capability. Here we show a
comparison of images generated by VoLux-GAN and related work pi-GAN [11] (which does not support relighting) and ShadeGAN [43].

1. Introduction

Abstract

Generating synthetic novel human subjects with convincing photorealism is one of the most desired capabilities
for automatic content generation and pseudo ground truth
synthesis for machine learning. Such data generation engines can thus benefit many areas including the gaming and
movie industries, telepresence in mixed reality, and computational photography. In order to achieve realism and flexibility when delivered in specific applications, the generated
images should: 1) be enriched in details, e.g. with high resolution; 2) support free viewpoint rendering to deliver immersive 3D experiences; 3) adapt to novel environmental
illumination for realism; 4) synthesize novel identities for
scalable data diversity.
Motivated by these principles, in this paper we propose a
neural human portrait generator, which delivers compelling
rendering quality on arbitrary camera viewpoints and under any desired illumination. With the success of Neural

We propose VoLux-GAN, a generative framework to synthesize 3D-aware faces with convincing relighting. Our
main contribution is a volumetric HDRI relighting method
that can efficiently accumulate albedo, diffuse and specular
lighting contributions along each 3D ray for any desired
HDR environmental map. Additionally, we show the importance of supervising the image decomposition process using
multiple discriminators. In particular, we propose a data
augmentation technique that leverages recent advances in
single image portrait relighting to enforce consistent geometry, albedo, diffuse and specular components. Multiple
experiments and comparisons with other generative frameworks show how our model is a step forward towards photorealistic relightable 3D generative models.
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Radiance Field (NeRF) on volumetric rendering [36] and
Generative Adversarial Networks (GAN) on image generation [28], 3D-aware generators [11, 21, 43] have been proposed as a promising solution, which combine the merits
of both. By learning from a collection of portrait images,
these methods are able to generate NeRF models from randomly sampled latent codes, which result in impressive free
viewpoint rendering capabilities despite arguable underlying geometry quality and multi-view consistency. Concurrent work proposed by Pan et al. [43] adds a shading model
to enforce multi-lighting constraints during training, however the method shows substantial limitations in terms of
photorealism and does not allow for full HDRI relighting.
In this work, we propose a 3D aware generative model
with HDRI relighting supervised by adversarial losses. To
overcome the limitations of prior arts, we identified and
contributed to two main aspects:

ciples. For instance in Fig. 1, the albedo image generated
by previous methods [43] contains clear shading information, whereas the expected albedo (i.e. flat lit image) should
be closer to ours. At the same time, such supervision is not
available for in-the-wild datasets like FFHQ [28].
Motivated by this, and inspired by other works that apply pseudo-groundtruth labels [13] or synthetic renderings
[52, 57, 64, 73] for in-the-wild tasks, we propose a data augmentation technique to explicitly supervise the image decomposition in geometry, albedo, diffuse and specular components. In particular, we employ the work of Pandey et al.
[44] to generate albedo, geometry, diffuse, specular and relit images for each image of the dataset, and have additional
discriminators guide the intrinsic decomposition during the
training. This technique alone, however, would guide the
generative model to synthesize images that are less photorealistic since their quality upper bound would depend on
the specific image decomposition and relighting algorithm
used as supervision (e.g. [44]). In order to address this, we
also add a final discriminator on the original images, which
will guide the network towards real photorealism and higher
order light transport effects such as specular highlights and
subsurface scattering.
We summarize the contributions of this paper: 1) We
propose a novel approach to generate HDRI relightable 3D
faces with a volumetric rendering framework. 2) Supervised adversary losses are leveraged to increase the geometry and relighting quality, which also improves multi-view
consistency. 3) Exhaustive experiments demonstrated the
effectiveness of the framework for image synthesis and relighting.

Volumetric HDRI Relighting. We propose a novel approach of the volumetric rendering function that naturally
supports efficient HDRI relighting. The core idea relies
on the intuition that diffuse and specular components can
be efficiently accumulated per-pixel when pre-filtered HDR
lighting environments are used [20, 48]. This was successfully applied to single image portrait relighting [44], and
here we introduce an alternative formulation to allow for
volumetric HDRI relighting. Differently from [39, 44, 63]
that predict surface normals and calculate the shading with
respect to the light sources (for a given HDR environment
map), we propose to directly integrate the diffuse and specular components at each 3D location along the ray according to their local surface normal and viewpoint direction.
Simultaneously, an albedo image and neural features are
accumulated along the 3D ray. Finally, a neural renderer
combines the generated outputs to infer the final image.

2. Related Work
2D Image Generation. Generating convincing renderings of humans is a very active trend in the field of neural
rendering [60]. Here, we consider works that rely on a generative adversarial framework [19] to synthesize photorealistic portraits. High quality results have been demonstrated
by multiple early works [17, 38, 67] and since the groundbreaking work of StyleGAN [28], the community has made
tremendous progress in synthesizing photorealistic and high
resolution images [8, 14, 27, 29] with methods focusing on
addressing most of the common issues with GANs including stability [29], resolution [8] and aliasing [27]. These
approaches generate impressive photorealistic images, but
results typically lack free-viewpoint rendering and/or multiview consistency.
3D Aware Generation. Many recent approaches incorporated the use of geometry and its multi-view consistency to
allow for 3D aware synthesis. [2,11,12,21,30,40,41,47,71,
72]. Past works rely on voxels [18, 40, 47, 72], meshes [55],
face models [9] or shape primitives [30] as the 3D representation for image generation, but the majority have been

Supervised Image Decomposition. Though producing
impressive rendering quality, the geometry from 3D-aware
generators is often incomplete or inaccurate [11, 21]. As a
result, the model tends to bias the image quality for highly
sampled camera views (e.g. front facing), but starts to
show unsatisfactory multi-view consistency and 3D perception, breaking the photorealism when rendered from freeviewpoint camera trajectories. Additionally, high quality
geometry is particularly important for relighting since any
underlying reflectance models rely on accurate surface normal directions in order to correctly accumulate the light
contributions from the HDR environment map.
Similarly, decomposing an image into albedo, diffuse
and specular components without explicit supervision could
lead to artifacts and inconsistencies, since, without any explicit constrains, the network could encode details in any
channel even though it does not follow light transport prin2

3. VoLux-GAN Framework

limited to low resolution image generation. Inspired by the
success of NeRF [36], methods [11, 41, 53] adopt implicit
volumetric rendering framework, and require only unconstrained images for 3D GAN training, but these architectures are computational consuming, which limit the training for high-resolution image generation. Concurrently,
StyleNeRF [21], CIPS-3D [71], StyleSDF [42] adopt the
two-stage rendering strategy to reduce the computation for
high-resolution image generation. EG3D [10] introduces
tri-plane representation for fast and scalable rendering, and
GRAM [16] proposes to render radiance manifolds first to
produce high quality images. However, all these concurrent
methods lack controllable relighting capabilities.
Relightable Generative Models. Relightable NeRF
models [6, 7, 68, 70] have shown that full image decomposition is possible when explicit multi-view imagery is
provided as supervision. As for generative networks, the
concurrent work of Pan et al. [43] is, to the best of our
knowledge, the first at enabling relightability into generative model in a volumetrics 3D framework. The method
enforces both multi-view and multi-lighting consistency
to allow controllable viewpoint and illumination. This
approach, however, adopts a simplified Lambertian model
and only supports one specific light direction at the time
and extending it to full HDR relighting is computationally
prohibitive.
HeadNeRF [24] propose a NeRF-based
parametric head model which can control the illumination
by adjusting latent code. However, limited by insufficient
coverage of illumination in their dataset, the method cannot
control the image shading like continuously moving light
source position. Also, they cannot explicitly control the
illumination by adjusting latent code, while it is achievable
in HDRI relighting by given a desired HDR map.
Intrinsic Image Decomposition. Decomposing an image into albedo, geometry and reflectance components has
achieved using model-fitting techniques [3, 33] and deep
learning based approaches [25,34,49,65] that attempt at inferring image properties from one or multiple images. Very
recently, state-of-art image based portrait relighting methods [39, 44, 56, 63] have shown impressive results by predicting explicit surface normals, albedo and shading information to formulate the interaction between light sources
and geometry. These approaches usually rely on a specific
shading model (e.g. Phong) and a neural renderer to synthesize the final image.
Our Approach. In contrast, we propose a volumetric
generative model that supports full HDR relighting. We
show how we can efficiently aggregate albedo, diffuse and
specular components within the 3D volume. Thanks to the
explicit supervision in our adversarial losses, we demonstrate that the method can perform such a full image component decomposition for novel face identities, starting from
a randomly sampled latent code.

In this section, we introduce our neural generator that
produces novel faces that can be rendered at free camera
viewpoints and relit under an arbitrary HDR environment
light map. Our method starts from a neural implicit field
that takes a randomly sampled latent vector as input and
produces an albedo, volume density, and reflectance properties for any queried 3D location. These outputs are then
aggregated via volumetric rendering to produce low resolution albedo, diffuse shading, specular shading, and neural feature maps. These intermediate outputs are then upsampled to high resolution and fed into a neural renderer to
produce relit images. The overall framework is depicted in
Figure 2.

3.1. Preliminaries: Neural Volumetric Rendering.
To aid the reader, we first briefly introduce the neural volumetric rendering framework originally presented in
Mildenhall et al. [36]. There, the 3D appearance of an object of interest is encoded into a neural implicit field implemented using a multilayer perceptron (MLP), which takes
a 3D coordinate x ∈ R3 (mapped through a sinusoidal
function based positional encoding [36, 58]) and viewing
direction d ∈ S 2 as inputs and outputs a volume density
σ ∈ R+ and view-dependent color c ∈ R3 . To render an
image, the pixel color C is accumulated along each camera
ray r(t) = o + td as
Z tf
C(r, d) =
T (t)σ(r(t))c(r(t), d)dt,
(1)
tn

Rt
where T (t) = exp(− tn σ(r(s))ds) and bounds tn and tf .
Compared to surface based rendering, volumetric rendering more naturally handles translucent materials and regions
with complex geometry such as thin structures.

3.2. Generative Neural Implicit Intrinsic Field.
Similar to other state-of-the-art 3D-aware generators
[11,21,43], we train a MLP-based neural implicit field conditioned on a latent code z sampled from a Gaussian distribution N (0, I)d and extend it to support HDRI relighting. We adopt a Phong shading model [46], where the illumination of each point is determined by albedo, diffuse,
and specular component. Therefore, instead of having the
network predict per-point radiance and directly obtaining a
color image (via Eq. 1), our network produces per-point
albedo (α), density (σ) and reflectance properties from separate MLP heads. The normal directions are obtained via
the spatial derivative of the density field, which are used together with HDR illumination to compute diffuse and specular shading. Similar to [44], rather than explicitly using the
Phong model for the final rendering, we feed the albedo, diffuse and specular components to a lightweight neural ren3

Figure 2. VoLux-GAN Framework. Starting from a latent code we can efficiently accumulate albedo A(r), surface normals N (r), diffuse
D(r), specular components S(r), and a feature map F (r) along the 3D ray r(t) for any given HDR map. An upsampling strategy and a
neural renderer synthesize the final relit image.

derer, which can also model higher order light transport effects.

ing maps as:
Z

tf

A(r) =

T (t)σ (r(t)) α(r(t))dt
tn
Z tf

D(r) =

Efficient Shading Computation. Concurrent work [43] assumes Lambertian shading from a single light source. Extending this to support full HDR illumination would require
the integration of the shading contribution from multiple
positional lights, making the approach computationally prohibitive, especially when performed at training time for millions of images. Inspired by the success of recent image
based portrait relighting work [44], we adopt a method designed for real-time shading rendering under HDR illumination [20, 48]. The core idea is to approximate the diffuse and specular components using a preconvolved HDRI
map. Specifically, we first preconvolve the given HDRI map
(H) into light maps (Lni , i = 1, 2, · · · , N ) with cosine lobe
functions corresponding to a set of pre-selected Phong specular exponents (ni , i = 1, 2, · · · , N ) [37]. The diffuse shading D is the first light map (i.e. n = 1 above) following the
surface normal direction, and the specular shading is defined as a linear combination of all light maps indexed by
the reflection direction. In order to capture possible diverse
material properties of the face, we let the network estimate
the blending weights (ωi ) with another MLP branch, which
are then used for the specular component S.

T (t)σ (r(t)) Ln=1 (n (t))dt
tn

Z

tf

S(r) =

T (t)σ (r(t))
tn

Z

N
X

(2)
ωi Lni (n(t), d)dt

i

tf

F (r) =

T (t)σ (r(t)) f (r(t))dt
tn

where n(t) is the normal direction estimated via ∇σ(r(t)),
Ln=1 (n (t)) is the diffuse light map indexed by the normal
direction n(t), and Lni (n(t), d) is the specular component
ni indexed by the inbound reflection direction depending on
the local normal and viewing direction d. Finally, α, σ, ω,
and a per-location feature f are the network outputs conditioned on the sampled latent code z. We restrict the albedo
to be view and lighting independent and encourage multiview consistency. Note that in addition to rendering components such as albedo, diffuse and specular components,
we let our network accumulate additional features F (r), so
that it can capture high frequency details and material properties in an unsupervised fashion.
Volumetric Model Network Architecture We extend the
architecture from concurrent work proposed by Gu et al.
[21] for our neural implicit field. Rather than explicitly use
the low resolution albedo A(r) following Eq. 2, our network produces a feature vector f (r(t)) ∈ R256 via 6 fullyconnected layers from the positional encoding on the 3D coordinates. A linear-layer is attached to the output of the 4-th
layer to produce the volume density, and an additional twolayer MLP is attached to 6-th layer to produces the albedo

Volumetric Shading Rendering. Typically, a reflectance
model is defined on a surface [46] and relighting methods [39, 44, 63] explicitly estimate surface normals from a
single image. Here, we propose a volumetric formulation to
compute albedo, diffuse and view-dependent specular shad4

and reflectance properties. Diffuse component D and Specular Component S are estimated following Eq. 2, where the
blending weights ωi are estimated by the network.
Neural Rendering Network To reduce the memory consumption and computation cost, we render albedo, diffuse,
and specular shading in low resolution and upsample them
to high resolution for relighting. The specific low and high
resolutions depend on the dataset used and details can be
found in the Section 4. To generate the high resolution
albedo, we upsample the feature map F (r) and enforce it’s
first 3 channels to correspond to the albedo image, similar
to some other works in the literature [35, 61]. Each upsampling unit consists of two 1 × 1 convolutions modulated by
the latent code z, a pixelshuffle upsampler [54] and a BlurPool [69] with stride 1. The low resolution albedo A(r) is
still used to enforce consistency with the upsampled high
resolution albedo (see Section 3.3). For shading maps, we
directly apply bilinear upsampling.
Finally, a relighting network takes as input the albedo
map A, the diffuse map D, the specular component map S
and the features F and generates the final Irelit image. The
architecture of Relighting Network is a shallow U-Net [50].

Raw Image

Albedo

Normal

Diffuse

Specular

Relit Image

Figure 3. Relighting augmentation on CelebA [31]. We run Total Relighting [44] to generate albedo, normal, shading, and relit
images, which supervise the training via adversarial losses.

ator and discriminator. The discriminator architecture D∗
for all the losses follows the one proposed in [29].
Geometry Adversarial Loss LG : DG (∇σ(r(t))) We also
supervise the geometry as it is crucial for multi-view consistent rendering and relighting realism. While the density
σ is the immediate output from the network that measures
the geometry, we find it is more convenient to supervise the
surface normals computed via ∇σ(r(t)). Therefore, we add
an adversarial loss between the volumetric rendered normal
from the derivative of the density and the pseudo ground
truth normal obtained from [44].

3.3. Supervised Adversarial Training

Shading Adversarial Loss LS : DS (D(r), S(r), Irelit ) To
enforce that the Relight Network faithfully integrates shading with albedo, we apply a conditional adversarial loss on
the relit image. This is achieved by adding a discriminator DS that takes the concatenation of the relit image Irelit ,
diffuse map D(r) and specular map S(r) as the inputs and
discriminate if the group is fake, i.e. from our model, or
true, i.e. from [44]. The training gradients are only allowed
to back-propagate to the relit image but not the other inputs
(i.e. set to zero) as they are the data to be conditioned on.

Here we introduce the scheme to train our pipeline from
a collection of unconstrained in-the-wild images. While it
is possible to train the full pipeline with a single adversarial
loss on the relit image, we found empirically that adding
additional supervision on intermediate outputs significantly
improves the training convergence and rendering quality.
Pesudo Ground Truth Generation. Large scale in-thewild images provides great data diversity, which is critical
for training a generator. However, the groundtruth labels
for geometry and shading are usually missing. In our case,
we are particularly interested in having “real examples” of
the albedo and geometry to supervise our method. To this
end, we resort to the state-of-the-art image based relighting
algorithm, Total Relighting [44], to produce pseudo ground
truth albedo and normals and to also further increase the
data diversity. Specifically, for each image in our training
set, we randomly select an HDRI map from a collection
of 400 maps sourced from public repository [66], apply a
random rotation, and run Total Relighting to generate the
albedo, surface normal and a relit image with the associated light maps (diffuse and specular components). Example images from the CelebA dataset [31] augmented with
this technique are shown in Figure 3.

Photorealistic Adversarial Loss LP : DP (Irelit ) A downside of the Shading Adversarial Loss is that the model performance is upper-bounded by the specific algorithm used
to generate pseudo-groundtruth labels, in our case [44]. As
a result, inaccuracies in the relighting examples, e.g. overly
smoothed shading and lack of specular highlights, may affect our rendering quality. To enhance the photorealism, we
add one final adversarial loss directly on the generated relit
images with the original images from the dataset.
Path Loss Lpath : `1 (A(r), Ahi−res ) Following StyleNeRF
[21], we add a path loss to ensure the consistency between
the albedo maps in low and high resolutions. Specifically,
we downsample the high resolution to the low resolution,
and add a per-pixel `1 loss.
The final loss function is a weighted sum of all above
mentioned terms: L = λ1 LA + λ2 LG + λ3 LS + λ4 LP +
λ5 Lpath , where for our experiments we empirically determined these weights to be 1.0, 0.5, 0.25, 0.75, 0.5.

Albedo Adversarial Loss LA : DA (A(r)) + DA (Ahi−res )
We supervise the output albedo images in both low and high
resolution with adversarial loss using the pseudo ground
truth generated with [44]. A standard non-saturating logistic GAN loss with R1 penalty is applied to train the gener5

Figure 4. Our synthesized images under rotating camera or rotating lighting. Note the relighting consistency and view-dependent effects.
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Figure 5. Our result with under interpolated latent code and relighting results. Note the smooth transition across users where relighting
effects are correctly transferred.

4. Experiments

3.4. Implementation Details

In this section, we compare our rendering quality and
relighting performance with state-of-the-art methods. We
also provide ablation study showing the contribution of major system design choice to the final performance.
To ensure stable training, we first train the neural implicit
field and the upsampling network for high quality albedo
and geometry. We only enable albedo and geometry adversarial loss and adopt progressive growing training strategy [26] with the path loss to train the upsampling network.
Once the network converges, we enable all the loss terms
and train the whole network end-to-end. For the optimization, we use the Adam optimizer with β1 = 0, β2 = 0.99.
The batch size is set as 24 and the learning rates for the generator and the discriminator are set empirically to 0.0022
and 0.0025 respectively. We train the VoLux-GAN model
for 1 million iterations with albedo and geometry adversarial losses, then it is trained for additional 500k iterations to
generate the relit images.

Datasets. We train our model on CelebA dataset [31] which
is widely used for such comparisons, and on the FFHQ [28]
where a comparison of high resolution results can be made.
On CelebA, our model produces volumetric renderings at
64 × 64 and final outputs at 128 × 128. On FFHQ, the
volumetric renderings and final resolution are 64 × 64 and
256 × 256 respectively.
Baseline Methods. We show qualitative and quantitative
comparison with ShadeGAN [43] since, to the best of our
knowledge, it is the only 3D-aware generator that supports
relighting. In addition, we consider an alternative strong
baseline where we use pi-GAN [11] to render multi-view
images and then run a single image based portrait relighting
6

method [44] for HDR relighting.
Metrics. Many evaluation metrics relying on perception
features have been proposed to measure the rendering quality [5, 23]. While these metrics indeed measure the similarity between two collections of images, they are very sensitive to implementation details such as training image resolution, image post-processing e.g. cropping, or the choice
of training dataset, as has been shown in literature [45].
As a result, these metrics are not suitable to evaluate our
model since our pipeline is not trained directly on publicly
available datasets but on a specifically tailored augmented
dataset for good rendering and relighting performance.
Instead, we evaluate our pipeline and other methods by
measuring the perceptual impact of view-synthesis and relighting on a subject’s identity. Specifically, we use a similarity metric based on the embedding space of a state-ofthe-art face recognition network [15]. This stability metric
indicates how well the subject identity is preserved when
we synthesize novel views and novel light renderings for a
synthesized face.

specular components and can respond to more diverse
global illumination. pi-GAN coupled with [44] can produce plausible relighting results but occasionally with inconsistent shading (e.g. in the 3rd row middle, the cheek is
dark in one view but bright in another). In contrast, our results show more consistency across views and lights thanks
to the proposed volumetric relighting formulation, which is
also reflected by the quantitative metric below.
4.2.1

Quantitative Results

We evaluate our method with quantitative metrics. The
goal of the following experiments is to demonstrate that
our method is able to synthesize images that are consistent
across views in terms of geometry and relighting.
Geometry Consistency. To demonstrate the geometry consistency, we render a fixed random latent code to multiple
views. We then compute the similarity score [15] of yawposed renderings with the frontal facing rendering, and average it over 100 such randomly sampled latent codes. We
compute the score for both relit images and the high-res
albedo images. We also show the score computed with
the same scheme for ShadeGAN [43] and the baseline of
pi-GAN [11] + portrait relighting [44]. The results are
showed in Table 1. Note how our method consistently outperforms the other state-of-art approaches, demonstrating
better multi-view consistency for each identity on generated
albedo and relit images.

4.1. Relightable Face Generation
In this section we demonstrate the capabilities of our
framework. In Fig. 4, we show one subject randomly
sampled from latent space z N (0, I) trained on the FFHQ
dataset. The first row shows the faces rendered at different
camera poses. Our network successfully renders consistent
faces even under a large yaw angle (e.g. 45◦ ) thanks to better geometry supervised by the geometry adversarial loss.
The second row shows the same subject rendered under a
rotating HDR map. Note how the specularities and shading on the face respond correctly to the HDR environment
maps.
Our latent space also supports interpolation. In Fig. 5,
we linearly interpolate between two randomly sampled latent codes, and show relit images of each subject under three
HDR lighting conditions. As seen, the appearance of the
subject transitions smoothly and the intermediate identities
are successfully relit. Note also the consistent relighting,
where view dependent effects and specularities are successfully transferred between different latent codes.

Relighting Consistency. Similarly, we also evaluate the
stability of our relighting. Following the geometry consistency experiment, we use the embedding space of a face
recognition network [15] to generate the identity similarity
score between the albedo and 3 renderings under different
environment maps (as shown in Fig. 5). We report an average score over 100 randomly sampled latent codes. A stable
relighting method should give a high similarity score, since
relighting does not change the identity.
The results are reported in Table 2, showing that our approach is also able to generate relit images that are more
consistent with the original albedo identity. At the same
time our relit images look more photorealistic as shown in
Figure 6, where we better capture higher order light transport effects.

4.2. Comparisons with State-of-the-Art
We compare to ShadeGAN [43], pi-GAN [11] coupled to
an image based relighting [44], and show the qualitative results in Fig. 6. For a fair comparison in terms of image resolution, we trained our model on CelebA, like ShadeGAN
and pi-GAN. In each row, we show the albedo map and
color images rendered under two different lightings from
three camera viewpoints.
Our method produces significantly better albedo than
ShadeGAN thanks to our supervised albedo adversarial
loss. Moreover, our results contain more high frequency

Ablation Study. We report an ablation study of the loss
functions used for training out pipeline and Table 2. As
demonstrated by these quantitative results, the full framework and the proposed supervised adversarial losses are all
contributing to the final rendering quality. In particular, we
show that removing the shading loss LS , or geometry loss
LG or photorealistic LP all lead to lower metrics. Similarly, when we first accumulate the surface geometry and
then perform image based relighting, the results are unsat7

ShadeGAN
pi-GAN + Total Relighting
VoLux-GAN

Albedo

Relit 1

Relit 2

Figure 6. Qualitative comparisons on CelebA with [43] and pi-GAN [11] + portrait relighting [44]: note how our method produces more
consistent albedo and relighting results across multiple views.
Method
ShadeGAN [43]
pi-GAN [11] + TR [44]
VoLux-GAN+Surface Relighting
VoLux-GAN - LP
VoLux-GAN - LS
VoLux-GAN - LG
VoLux-GAN

-0.5 rad
0.4814
0.5215
0.4471
0.4827
0.4071
0.4776
0.6064

Relit image identity similarity↑
-0.25 rad 0 rad 0.25 rad
0.7513
0.7628
0.7472
0.7419
0.7065
0.7388
0.6487
0.6721
0.6996
0.7788
0.7182
0.7564
0.7736
0.7997

0.5 rad
0.4997
0.4981
0.4959
0.5156
0.4718
0.5015
0.5985

Albedo image identity similarity↑
-0.5 rad -0.25 rad 0 rad 0.25 rad 0.5 rad
0.4818
0.7582
0.7702
0.5091
0.5135
0.7378
0.7438
0.4898
0.5531
0.7611
0.7796
0.5585
0.5467
0.7809
0.8151
0.5901
0.4886
0.7292
0.8095
0.5581
0.4652
0.7278
0.8099
0.5398
0.6389
0.7919
0.7863
0.6162

Table 1. Identity consistency across camera poses around the yaw axis. The scores indicate the similarity calculated as the dot product
between normalized embeddings from a state-of-the-art face recognition network [15] (higher is better). While our method performs
comparably or marginally better at small view changes, we significantly outperform the state-of-the-art at more extreme viewpoints.
Method
ShadeGAN [43]
pi-GAN [11] + TR [44]
VoLux-GAN+Surface Relighting
VoLux-GAN - LP
VoLux-GAN - LS
VoLux-GAN - LG
VoLux-GAN

HDR map 1
0.5806
0.7014
0.5510
0.4132
0.8917
0.5331
0.7600

HDR map 2
0.6486
0.8796
0.5548
0.4471
0.8846
0.5864
0.8900

HDR map 3
0.6559
0.7677
0.5349
0.4712
0.7387
0.6158
0.8082

isfactory (see comparison with VoLux-GAN+Surface Relighting in Table 1 and Table 2).

5. Discussion
We proposed a generative model of face images, that internally leverages a volumetric representation to facilitate
multi-view generation and full HDRI relighting. Of particular note is that we have shown how to efficiently perform the aggregation of albedo, specular and diffuse components that helps to preserve the identity. Furthermore, a
proposed supervised adversarial framework guides the net-

Table 2. Relighting consistency. Our method is able to better preserve the original identity (albedo) under different illuminations.
Note that ShadeGAN is evaluated over three different positional
light sources instead of HDR maps.
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work to generate the right intrinsic properties of faces. Our
results prove the effectiveness of the approach for synthesizing novel identities. Future work could explore the use of
semantic information to allow for expression control similar
to StyleGAN [28]. While far from the intent of this work,
we do recognize that generative models could be misused
to synthesize fake content (see [62] for an exhaustive survey). We believe that in order to address this, the community should prioritize open-sourcing pre-trained models to
encourage the development of forgery detection methods.
Great steps in that direction have been made thanks to the
availability of datasets such as FaceForensics++ [51]. Additionally, in order to mitigate misuses, researchers could
put more emphasis on the adversarial models (i.e. discriminators) and make them publicly available when releasing a
generative model. Enforcing higher importance to the discriminator loss, while fixing the generator could provide an
effective method to detect misuse of the specific generative
model.

[11]

[12]

[13]

[14]

[15]

References
[1] Rameen Abdal, Peihao Zhu, Niloy J. Mitra, and Peter
Wonka. Styleflow: Attribute-conditioned exploration of
stylegan-generated images using conditional continuous normalizing flows. ACM Trans. Graph., 40(3), May 2021. 13
[2] Hassan Abu Alhaija, Siva Karthik Mustikovela, Andreas
Geiger, and Carsten Rother. Geometric image synthesis.
ACCV, 2018. 2
[3] Jonathan T. Barron and Jitendra Malik. Shape, Illumination,
and Reflectance From Shading. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2015. 3
[4] Jonathan T. Barron, Ben Mildenhall, Matthew Tancik, Peter
Hedman, Ricardo Martin-Brualla, and Pratul P. Srinivasan.
Mip-nerf: A multiscale representation for anti-aliasing neural radiance fields, 2021. 13
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Appendix

C.1. Intermediate Intrinsic Images

In this appendix, we provide more details regarding the
proposed data augmentation strategy, network architecture
and additional results. Finally, we also discuss the limitations of the model. We also provide a supplementary HTML
page showing animated results of generated face under various camera viewpoints and environmental illuminations.

In Figure 10, we visualize the albedo, relit image, normal map, diffuse map and specular map from our generator trained on FFHQ dataset. Note that since normal and
shading maps are directly generated from the neural implicit field, we render them in low resolution for efficient
training, which is a strategy adopted and demonstrated to
be successful by other works [21]. We then rely on the generated feature map F to produce high frequency details in
the albedo and the final relit results.

A. Data Augmentation via Portrait Relighting

C.2. Relighting Accuracy

We provide additional information regarding our data
augmentation strategy which uses the portrait relighting
method of [44] to produce pseudo ground truth albedo,
normals, a relit image and the associated light maps (diffuse and specular components) on the CelebA [31] and the
FFHQ [28] datasets. Specifically, we generate 5 and 10 relit
images for each image in CelebA and FFHQ datasets. The
HDRI map is randomly sampled from a collection of 400
maps sourced from public repository [66] and randomly rotated horizontally. We show more example images of the
augmented CelebA images and FFHQ images in Figure 7
and Figure 8. For each identity, we visualize the relit image and the associated light maps with two different HDRI
images.

We show a qualitative comparison of our relighting
method with environmental relighting of a real person captured in a dense high-resolution Light Stage in Figure
11, which is very close to ground truth relighting. Note
that as the environment map rotates, our method produces
plausible shadows and specularities that spatially match
the pseudo-ground-truth setup, indicating that our underlying 3D volumetric geometry and skin reflectance is stable. While there is some dampening of specularities and
cast shadows, the overall identity of the generated person is
well preserved, which is a significant improvement over the
state-of-the-art [43].

C.3. Rotate Camera and Lighting

B. Network Architecture

We show more subjects generated from the model
trained on the FFHQ dataset with randomly sampled latent
codes in Figure 12. For each identity (i.e. latent code), we
show the rendering under the same HDRI map but different camera pose, and the rendering under a fixed camera
pose with rotating HDRI map. The results indicate that our
method provides controllability over camera viewpoint and
illumination, and deliver faithful rendering results.

The details of the proposed architecture are shown in
Figure 9. As detailed in the main paper, the framework
consists of four modules: a neural implicit intrinsic field
(NeIIF) network, upsampling blocks, a relighting network
and a mapping network. Similar to StyleGAN2 [29], the
mapping network consists of 8 fully-connected layers with
512 units, that maps the latent code to a style vector. The
output vectors are then broadcast to every fully-connected
layer in the NeIIF network and the upsampling blocks. For
each vector, there is an affine transformation layer to map
it to an affine-transformed style, which is used to modulate the feature maps of the NeIIF network and upsampling block. The NeIIF network consist of a positional encoder (the Fourier feature dimension is set to 10) and a 6layer MLP with 256 units. The feature maps of each fullyconnected layer are modulated by an affine transformation
from the mapping network. Each upsampling block consists of two fully-connected layers modulated by the latent
code z, a pixelshuffle upsampler and a BlurPool with stride
1 which increases the resolution by 2x. The relighting network is a residual U-Net with skip connections.

D. Animated Results in Companion HTML
Page
We provide a supplementary HTML page to show animated rendering results. Please open with your local
browser. In the HTML page, we show 1) our intermediate
intrinsic results and final relighting results in a continuous
camera trajectory, 2) comparison on the relighting faithfulness to ShadeGAN [43] under rotating HDRI, using image
based relighting with a Light Stage [22] as the reference,
3) relighting of the same or different subjects under same
or different environment map, 4) multi-view synthesis, 5)
a comparison on albedo stability with the baseline of piGAN [11] + TR [44].

E. Limitations

C. Additional Results

Although the proposed approach is a step forward towards generative relightable 3D faces, it still has limita-

Here we show more results from our method.
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Figure 7. Relighting augmentation on CelebA [31] using [44] to generate albedo, normal, shading, and relit images with different HDRI
Relighting, which supervise the training via adversarial losses.
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Figure 8. Relighting augmentation on FFHQ [28] using [44] to generate albedo, normal, shading, and relit images with different HDRI
Relighting, which supervise the training via adversarial losses.

tions. First, it lacks high frequency details on geometry and
albedo when rendered at high resolutions (see Figure 10),
despite our high quality supervision: we believe that using
intuition from previous work [8, 28, 29] could help address
this.
At more extreme viewpoint changes, the identity similarity scores drop as demonstrated in Table 1 in the main
paper, indicating that stronger pose/viewpoint changes may
result in distortion of identity. This is likely due to skewed
distribution of our in-the-wild training data which is mostly
frontal, with very few side facing views. We believe that
this can be improved by more carefully curating the training data using importance sampling to have a more even

distribution of facial poses. Yet, please note that our method
outperforms other state-of-the-art 3D synthesis methods
[11,43], which in turn are significantly better than 2D based
generative view synthesis methods [1, 32, 59].
Furthermore, aliasing effects are noticeable when changing viewpoints especially around the teeth and hair. An approach similar to [4] could potentially mitigate these effects.
Additionally, although our model shows impressive relighting results, it still cannot capture the same details of
specular highlights when compared to image based relighting using a Light Stage as shown in Figure 11. Additional
losses that focus on specularities may help mitigate this issue.
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Figure 9. Proposed architecture of our neural generator, which consists of a neural implicit intrinsic field network, upsampling blocks, a
relighting network and a mapping network.

Finally, the lack of supervision on the actual facial expression, makes the model unconstrained, leading to different face gestures when changing the viewpoint (see animated results in the provided HTML page). Adding semantic information such as keypoints or per-pixel labels could
be an effective way to enable control over the expressions
and ensure more consistency across views.
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Figure 10. Results of intermediate intrinsic images from our model trained on FFHQ [28]. From left to right, we show the albedo, relit
image, normal map, diffuse map and specular map.
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Figure 11. We compare our relighting result to image based relighting (IBR) using a Light Stage [22] with the same HDRI illumination.
Note that our method produces consistent and plausible shading, soft shadows and specularities.
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Figure 12. More synthesized images under rotating camera or rotating lighting. Note the relighting consistency and view-dependent effects.
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