





Figure 2: Inverse rendering using SIRA.

3. Method

We follow an analysis-by-synthesis approach to retrieve
all the components of a relightable avatar from a single
posed image I with associated foreground mask M, and
camera parameters C. The 3D geometry is represented as a
signed distance function (SDF) f5¢f : x — s, such that the
surface S is implicitly defined as S = {x € R3|f*¥(x) =
0}. To capture the complex appearance of human faces, we
factor the surface radiance into a global illumination and
spatially-varying diffuse and specular albedos, which we
also implement as neural fields. All our neural fields are
implemented as multilayer perceptrons. Find implementa-
tion details in the supplementary material.

Instead of using a single architecture to simultaneously
optimize the geometry and appearance from scratch, we
split the problem into a 3D reconstruction and an appear-
ance factorization part. This two-step approach, similar to
[51], allows us to adapt the training scheme to each of the
two problems independently, and to introduce appropriate
inductive biases. These are key to resolve the ambiguities
that exist in single-view 3D reconstruction and appearance
factorization (Fig. 2).

In a first step, we recover the 3D geometry of the scene
from a single image. [48, 30] have shown that f54 can be
reconstructed from a collection of multiview posed images
by using a differentiable rendering function r : (x,n,v) —
c that models the radiance c emitted from a surface point
x with normal n in a viewing direction v, and minimiz-
ing a photometric error w.r.t. the input images. However,
achieving similar reconstructions from a single view re-
mains a challenge due to the lack of multi-view cues, which
are important to disambiguate geometric and color informa-
tion. We propose an architecture that yields accurate 3D re-
constructions without requiring multi-view information by
leveraging two main inductive biases: first, we decompose
f sdf into a reference SDF and a deformation field [49]. We
use this parameterisation as an implicit bias to constrain the

composed SDF to be close to the reference. Second, we pre-
train f*If and r to represent a shape and appearance statisti-
cal model (SA-SM). Inspired by [30], at inference time we
optimise the parameters of this statistical model to obtain
a robust initialisation for the analysis-by-synthesis process.
These inductive biases greatly improve the performance of

SIRA over [30] for the single view setup.
In a second step, we factor the appearance of the re-

constructed surface into a global illumination and spatially-
varying diffuse and specular albedos using the physically-
based renderer of [50]. To prevent shadows and speculari-
ties from being baked into the albedo, we first learn a sta-
tistical model of illumination and diffuse and specular albe-
dos, or appearance factorization statistical model (AF-SM),
which we later use to constrain the search of appearance
parameters to a suitable subspace. At inference time, we fit
the parameters of this statistical model to a new scene, ob-
taining a coarse initialisation. To recover personalised de-
tails outside of the statistical model, we fine-tune the neural
fields that encode the appearance. We find that at this point
it is important to use regularisation losses and scheduling to
prevent the illumination from leaking into the albedo.

3.1. Statistical models

We use a collection of scenes, composed of raw head
scans paired with multiview posed images, to learn the sta-
tistical models for shape and appearance (SA-SM), and ap-
pearance factorization (AF-SM). For every scene, indexed
by ¢ = 1... M, we have a set of surface points x € Ps(l)
with associated normal vector n. We project each sur-
face point to the images where it is visible, obtaining a set
c) = {(c,Vv)} composed of pairs of associated RGB color
¢, and viewing direction v.

3.1.1 SA-SM architecture

We build a statistical model of shape and appearance, de-
signed to enable the downstream task of single-view 3D
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