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Figure 1: Given a single flash picture as input, our learned gradient descent algorithm solves for SVBRDF maps that closely reproduce the
input, while generalizing well to new view and light configurations. We demonstrate the effectiveness of our approach by comparing its
output to ground-truth synthetic data (top) and to relit real images produced by state-of-the-art methods [ZK22] (bottom). Note how our
method recovers intricate geometric details in the normal map, inpaints small saturated highlights with plausible material properties, and
propagates roughness information away from the highlight.

Abstract

Recovering spatially-varying materials from a single photograph of a surface is inherently ill-posed, making the direct applica-
tion of a gradient descent on the reflectance parameters prone to poor minima. Recent methods leverage deep learning either by
directly regressing reflectance parameters using feed-forward neural networks or by learning a latent space of SVBRDFs using
encoder-decoder or generative adversarial networks followed by a gradient-based optimization in latent space. The former is
fast but does not account for the likelihood of the prediction, i.e., how well the resulting reflectance explains the input image.
The latter provides a strong prior on the space of spatially-varying materials, but this prior can hinder the reconstruction of
images that are too different from the training data. Our method combines the strengths of both approaches. We optimize re-
flectance parameters to best reconstruct the input image using a recurrent neural network, which iteratively predicts how to
update the reflectance parameters given the gradient of the reconstruction likelihood. By combining a learned prior with a like-
lihood measure, our approach provides a maximum a posteriori estimate of the SVBRDF. Our evaluation shows that this learned
gradient-descent method achieves state-of-the-art performance for SVBRDF estimation on synthetic and real images.[ AThis is
the author’s version of the work. It is posted here for your personal use. Not for redistribution. The original paper appeared
in Computer Graphics Forum, Volume 42(2024), Number 2.]
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1. Introduction

Real-world objects have a rich visual appearance due to
spatially-varying material properties, which can be represented by
Spatially-Varying Bidirectional Reflectance Distribution Functions
(SVBRDFs). This paper presents a lightweight method to capture
the appearance of real surfaces with only a single photo.

Since few measurements are insufficient to ensure a unique in-
terpretation of the many reflectance parameters, recent research
leveraged deep learning to automatically build priors based on
the distribution of plausible SVBRDFs. A first family of methods
trains feed-forward neural networks to predict spatially-varying re-
flectance parameters from as little as a single flash picture of a
flat surface [LDPT17; YLD*18; LSC18; DAD*18; VPS21; ZK21;
GLT*21]. While fast, such neural networks mostly rely on data-
driven priors to make their prediction. During use, they never eval-
uate the actual quality of their output with respect to the input im-
age.

A second family of methods achieves higher accuracy by us-
ing differentiable rendering for online optimization, where the es-
timated SVBRDF is rendered under the same viewing and lighting
conditions as for capture, Gradient descent is used to minimize the
difference between the rendering and the input image. Yet, relying
solely on differentiable rendering to optimize reflectance parame-
ters is prone to bad minima, which is why several groups of au-
thors proposed to perform the optimization in a lower-dimensional
latent space learned from a dataset of representative SVBRDFs
[GLD*19; GSH*20]. Nevertheless, gradient descent typically re-
quires many iterations to converge and latent-space regularization
can limit the quality of the estimation when the input differs too
much from the images used to build the latent space.

Recent work proposed to combine these two strategies by train-
ing a neural network on a large dataset of SVBRDFs, and then fine-
tuning the network weights at test time such that its prediction best
reproduces the input image [FR22; ZK22]. A key challenge with
this new strategy is to prevent the fine-tuning phase to forget the
priors learned during the training phase.

Our algorithm combines the speed of neural network predic-
tion with the accuracy of test-time optimization. It is inspired by
learned gradient descent [ADG*16; PW17], which replaces the an-
alytic gradient update rule of standard optimization by a recurrent
neural network. This network is trained to predict the best updates
given the current state of the estimation and the gradient of the cost
function to be minimized. Importantly, the neural network weights
are not updated at test-time, avoiding the risk of forgetting its pri-
ors. In our context, the cost function captures the likelihood of the
SVBRDF to reproduce the input image when rendered under the
same light and view, while the neural network learns a prior over
the distribution of SVBRDFs. By combining likelihood and prior
information, our method effectively solves for a maximum a poste-
riori estimate of the SVBRDF. While trained on a synthetic dataset
of SVBRDFs, our method generalizes well to real data, outper-
forming both feed-forward and optimization-based prior work, as
demonstrated on a large set of photographs.

2. Background and Related Work

We focus our discussion on recent deep learning methods for
lightweight SVBRDF capture, and refer to surveys for a compre-
hensive overview of the vast domain of appearance acquisition
[WLL*09; GGG*16; Don19]. We first introduce general concepts
on which our approach relies, before diving into recent methods,
which combine deep-learning and gradient-based optimization to
recover SVBRDF parameters from one or a few flash images of a
planar surface.

Appearance capture as an inverse problem. Formally, the image
I of a surface depends on its reflectance properties R, as well as the
viewing conditions V and lighting conditions L under which the
surface is captured:

I=/R,L,V)+n, M
where f is the image formation model and n is measurement noise.

Appearance capture aims at inverting the image formation to re-
cover R from observations I, typically under known viewing and
lighting conditions:

A

R= arg min l:reconstruct (I,f(R,L, V)) ) (2)
R

where Lreconstruct 1S a cost function measuring the difference be-
tween the observations and renderings of the estimated reflectance.
Assuming that Lreconstruct 18 differentiable, gradient descent can be
employed for the minimization:

ﬂﬁreconstruct (I, f (R7 Lv V))

R )
1 R=R,

Ri+1 =R =0

where ¢ is the step size at iteration ¢.

To make this inverse problem well-posed, early work relied on
dedicated gantries to capture many images of the target surface
under different light and view configurations [MWL*99; Mat03;
LKG*03; WGK14]. Despite progress in hardware setups and opti-
mization algorithms [AWL13; KCW*18; ALL20], precise acqui-
sition of spatially-varying materials remains a costly and time-
consuming process. Moreover, gradient-based optimization often
requires a large number of iterations and is subject to bad local
minima, especially using few measurements.

Lightweight capture methods trade accuracy for simplicity to en-
able SVBRDF capture with as few as a single photograph of a sur-
face — typically planar. Such methods compensate for the measure-
ment scarcity by making various assumptions on the materials to
be acquired, such as the existence of a low-dimensional basis of
BRDFs [DWT*10; RWS*11; HSL*17; ZCD*16], or the presence
of repetitive or stochastic patterns [AWL*15; WSM11].

Feed-forward SVBRDF prediction. Recent work shifted from
hand-crafted assumptions towards priors learned from large
datasets of (synthetic) SVBRDFs. A first family of methods cast
SVBRDF acquisition as a regression task, for which they train
a feed-forward neural network gw to directly predict reflectance
properties from an input image [DAD*18; LDPT17; YLD*18;
LSC18; GLT*21; ZK21]. Denoting {R, I} a large set of SVBRDFs
and their renderings, training the neural network with supervised
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learning amounts to solving for parameters W, minimizing a loss
function Lyefiectance, Which compares the predicted SVBRDFs with
the ground truth:

W = argmin Lieflectance gw I ,R . 4
W fRIg

Further developments of such methods include the use of a ren-
dering loss Liendering f 8w I,{LV} . fR{LYV} toevalu-
ate whether the predicted SVBRDF has the same appearance as
the ground truth under varying viewing and lighting conditions
[DAD*18], or an adversarial loss Loqy gw I ,{R} to evaluate
whether the predicted SVBRDF resembles the ones in the dataset
[GLT*21], or Lagy f gw I ,L,V {I} to evaluate whether the
re-rendered image resembles synthetic and real images [VPS21;
ZK21; ZWX*20].

Latent-space optimization. While feed-forward neural networks
are fast to evaluate, the SVBRDF parameters they produce are en-
tirely defined by the SVBRDF dataset {R} they are trained on,
not by how well these parameters reproduce the input image I at
test time. In other words, feed-forward networks only provide an
approximate solution to the inverse problem formulated in Equa-
tion 2, and the severity of this approximation tends to increase for
input images that deviate from the distribution of the training im-
ages {i} This discrepancy has motivated the development of test-
time optimization methods that use gradient descent (Equation 3)
to refine neural-network predictions to better fit the input images.
Since SVBRDF recovery from few input images is ill-posed, sev-
eral papers propose to regularize the problem by performing gra-
dient descent in a low-dimensional SVBRDF latent space, instead
of the original high-dimensional parameter space of R [GLD*19;
GSH*20]:

T Lreconstruct (Lf(dy (z),L,V))
Tz '

=7

(&)

Ziv1 =27 — 0

where a network dy decodes the latent code z into an SVBRDFE.
Learning the latent space from a large dataset of SVBRDFs {R} en-
sures that the optimization produces plausible solutions. However,
the optimization might struggle to find a latent code, which repro-
duces the input image well if it differs too much from the training
data. Further, the many iterations required by gradient-based opti-
mizations induce a significant overhead compared to direct predic-
tion.

Network fine-tuning. Several authors proposed to fine-tune a
feed-forward network gw at test time such that its prediction bet-
ter reproduces the input [DDB20; ZK22; FR22], which amounts
to performing gradient descent on the neural-network parameters
rather than on the reflectance parameters or latent code:

W= arg min Lreconstruct (L f (gW (I) 7L7 V)) . (6)
w

This strategy enables adjusting the prediction to the input, while
still benefiting from the priors learned by the network during pre-
training on a large dataset. Fischer and Ritschel [FR22] build on
the concept of meta-learning to optimize the initialization of the
network parameters and the gradient descent step sizes such that
fine tuning converges quickly to good solutions. However, test-time
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fine-tuning runs the risk of forgetting the learned priors since it up-
dates the weights by minimizing only the reconstruction error. A
critical difference of our approach is to perform test-time optimiza-
tion on the SVBRDF maps themselves, not on network weights,
which ensures that the learned priors encoded by our recurrent neu-
ral network are preserved.

Similarly to meta-learning, Zhou and Kalantari [ZK22] propose
to include fine-tuning steps during pre-training of the network, an
algorithm they call look-ahead training. Yet, their approach also
includes a secondary network that is trained to predict reflectance
maps, which serves as a data-driven prior during test-time fine-
tuning. Nevertheless, this prior is combined with the reconstruction
error as a linear combination (Eq.7 in their paper) and is only used
for the first iteration of the optimization (Sec.4.4 in their paper). In
contrast, we provide the gradient of Lreconstruct to a recurrent net-
work that learns to best combine this test-time information with its
priors to iteratively improve the prediction.

Importantly, while [FR22] and [ZK22] rely on hand-tuned step
sizes for the gradient descent optimization, our method predicts the
magnitude of the steps and yields results of similar quality in much
fewer steps, making it 10x faster than [ZK22] (Table 2).

3. Appearance capture with learned gradient descent
3.1. Problem formulation

Our approach combines the respective strengths of optimization-
based and regression-based methods. We cast appearance capture
as the minimization problem of Equation 2, using a single flash
image I as observation of the planar surface to acquire. Yet, we
replace the brittle and costly analytic gradient descent of Equation 3
by a learned gradient descent [ADG*16; PW17], where we train a
recurrent neural network /iy to predict how to progressively update
an estimate R; of the SVBRDF:
(o] 1
@ ﬂﬁreconstruct (17 f (R7 L7 V)) RtA
R ’ '

R+ =R — hq @)

R=R,

This formulation corresponds to a maximum a posteriori estima-
tion, where the cost function Lreconstruct 18 proportional to the like-
lihood of the solution with respect to the input, while the neural
network hq captures a prior on the distribution of SVBRDFs. In-
tuitively, the likelihood term encourages fidelity to the input, while
the prior helps resolving ambiguities and prevents overfitting. This
formulation has several advantages over existing work:

o In the absence of a prior, standard gradient descent (Equation 3)
corresponds to maximum likelihood estimation, which is ill-
posed when only a single input image is available. While net-
work fine-tuning makes the problem better posed by initializing
the optimization with a data-driven prediction, it runs the risk
of forgetting the prior learned by the network if too many op-
timization steps are performed. In contrast, by combining the
neural-network prior with test-time gradients of Lreconstruct, our
approach converges to a good solution in only a few steps. In
addition, our approach does not require specifying a step size g,
as the magnitude of the update is implicitly predicted by hq.
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Figure 2: Overview of our approach. The input imdge rst fed to an existing feed-forward neural netwagk to predict an initialization

Ro of the SVBRDF maps (a). This prediction is then iteratively re ned by our recurrent neural netiyoi. At each iteration, the current
estimateR; is compared to the input using a differentiable renderer. The gradient of this reconstructi e, is fed tohg along with

Rt. The recurrent network predicts an updBi of the SVBRDF, which is added ®: to form the estimat®;. 1 for the next iteration. Our
algorithm performsl’ = 6 such iterations in practice. We tragiy andhg jointly to minimize the difference between renderings of the nal
predictionRt and renderings of the ground truth material maps under various view and light conditions. Note that the gradient and update
images were scaled for visualization purpose.

In the absence of a test-time likelihood term, feed-forward net- In our implementation, we formulatereconstructas the image dif-
works rely mostly on priors learned from the training data dis- ference between the inplitand a rendering oR: under a view
tribution (Equation 6) to predict SVBRDFs in a single step. In and light setup that corresponds to a ash picture taken perpen-
contrast, our network performs the simpler task of progressively dicularly to the surface at a xed distance. We use thenorm to
improving a running estimate of the SVBRDF given gradientin- compute this difference, which corresponds to the log-likelihood
formation about its likelihood. In practice, this online optimiza- under a Gaussian distribution assumption.

tion scheme allows us to produce much more accurate results

than feed-forward methods. We initialize the SVBRDF estimatRg by processing the input
While latent-space optimization methods benet from data- imagel with the feed-forward networky, of Deschaintre et al.
driven priors, these priors are learned in a pre-process via [PAD*18]. While we experimented with the pre-trained weights
auto-encoders [GLD*19] or generative-adversarial networks pr_ov_ld_e_d _by t_he authors, we achlt_aved better results by re-training
[GSH*20] trained on synthetic SVBRDFs. In contrast, our neu- this initialization nerork JOI_nt.ly wnh our recurrent updgt_lng ne_t-
ral network learns priors by being trained speci cally to per- work. We hypothesize that joint training eqat).les.the initialization
form maximum a posteriori estimation. As such, it accounts for Network to account for the subsequent optimization performed by
the availability of the test-time likelihood. Importantly, our opti-  the recurrent network, similarly to thmeta-learningand look-
mization happens in the original re ectance parameter space and2héadstrategies recently proposed by [FR22] and [ZK22] in the

is, thus, not limited to a pre-de ned latent space. context of test-time network ne tuning.
Internally, hq is composed of three convolutional layers inter-
3.2. Implementation leaved with Gated Recurrent Units (GRUs) [CVG*14]. The rst

two convolutional layers are activated with leaky ReLU functions
and output feature maps of 64 channels, while the third convolu-

. . . ional layer i Vi with a hyperbolic tangen r val
to implement update rules that automatically leverage the |nherentto al layer is activated with a hyperbolic tangent to produce values

structure of the optimization problem at hand. While learned gra- between -1 and 1, which represent the update of the 9 SVBRDF
p P ’ dgra channels, where 3 channels correspond to the diffuse albedo, 3

hannels to the specular albedo, 2 channels to the normal, and 1
channel to the specular roughness. We used convolutional kernels
of size 5 5 for the rst layer and 3 3 for the second and third
layer, resulting in 40876 parameters in total fdiy, much less

The core of our approach is a lightweight recurrent neural net- than the 159741;922 parameters of the initialization netwagik.
work hy that takes as input the current estimate of the SVBRDF We voluntarily built on the classical UNet of Deschaintre et al. and
along with the gradient of the cost functibfeconstruciwith respect on a lightweight recurrent network to demonstrate that the boost
to Rt, which we obtain via automatic differentiation. The network in performance achieved by our approach is due to methodological
outputs an updatBRt, which is summed withRt to produceR+ ;. rather than architectural novelty.

Our method belongs to the family of learned gradient-descent al-
gorithms [ADG*16; PW17] that rely on recurrent neural networks

problems, such as novel-view synthesis [FBD*19] and MRI recon-
struction [LPS*19; PW19], we make speci ¢ adaptations to apply
this approach to single-image SVBRDF capture (see Fig. 2).
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