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Fig. 1. Inverse reconstruction of high-frequency normal maps and subsurface scattering (SSS) parameters on a synthetic scene. Left column: Starting from
known geometry and lighting, we reconstruct appearance textures of the snail using differentiable path tracing. We fit normal maps, SSS albedo maps as
well as uniform, spectrally-varying extinction and phase function parameters from synthetic multi-view data consisting of five camera views and eight
lighting conditions (obtained by rotating the ground-truth environment lighting). Center column: Our method reconstructs appearance textures that allow
high-quality re-rendering. Right column: We show insets comparing both rendering and recovered normal maps to the corresponding ground truth.

Inverse rendering has emerged as a standard tool to reconstruct the pa-
rameters of appearance models from images (e.g., textured BSDFs). In this
work, we present several novel contributions motivated by the practical chal-
lenges of recovering high-resolution surface appearance textures, including
spatially-varying subsurface scattering parameters.

First, we propose Laplacian mipmapping, which combines differentiable
mipmapping and a Laplacian pyramid representation into an effective precon-
ditioner. This seemingly simple technique significantly improves the quality

Authors’ addresses: Philippe Weier, weier@cg.uni-saarland.de, Google and Saar-
land University, Germany; Jérémy Riviere, jmriviere@google.com, Google, Switzer-
land; Ruslan Guseinov, ruslanguseinov@google.com, Google, Austria; Stephan Garbin,
stephangarbin@google.com, Google, United Kingdom; Philipp Slusallek, slusallek@cg.
uni-saarland.de, Saarland University, Germany; Bernd Bickel, berndbickel@google.com;
Thabo Beeler, tbeeler@google.com; Delio Vicini, vicini@google.com, Google, Switzer-
land.

© 2025 Association for Computing Machinery.
This is the author’s version of the work. It is posted here for your personal use. Not for
redistribution. The definitive Version of Record was published in ACM Transactions on
Graphics, https://doi.org/10.1145/3730855.

of recovered surface textures on a set of challenging inverse rendering prob-
lems. Our method automatically adapts to the render and texture resolutions,
only incurs moderate computational cost and achieves better quality than
prior work while using fewer hyperparameters. Second, we introduce a spe-
cialized gradient computation algorithm for textured, path-traced subsurface
scattering, which facilitates faithful reconstruction of translucent materi-
als. By using path tracing, we enable the recovery of complex appearance
while avoiding the approximations of the previously used diffusion dipole
methods. Third, we demonstrate the application of both these techniques to
reconstructing the textured appearance of human faces from sparse captures.
Our method recovers high-quality relightable appearance parameters that
are compatible with current production renderers.

CCS Concepts: • Computing methodologies → Rendering.

Additional Key Words and Phrases: inverse rendering, differentiable render-
ing, Laplacian pyramid, mip mapping, subsurface scattering, skin appearance

ACM Trans. Graph., Vol. 44, No. 4, Article . Publication date: August 2025.

https://doi.org/10.1145/3730855


2 • Weier et al.

ACM Reference Format:
Philippe Weier, Jérémy Riviere, Ruslan Guseinov, Stephan Garbin, Philipp
Slusallek, Bernd Bickel, Thabo Beeler, and Delio Vicini. 2025. Practical In-
verse Rendering of Textured and Translucent Appearance.ACMTrans. Graph.
44, 4 (August 2025), 16 pages. https://doi.org/10.1145/3730855

1 INTRODUCTION
Physically-based inverse rendering methods differentiate light trans-
port simulations to minimize image-based objective functions over
the space of scene parameters. These methods have become a stan-
dard tool for 3D geometry and appearance reconstruction. The work
in this paper is motivated by the practical challenges encountered
when using inverse rendering to reconstruct textures. Our goal is
to recover high-quality appearance textures (e.g., albedo, roughness
and normal maps) of physically-based material models from images
of a scene (e.g., photographs).

A first challenge is that reconstructing textures using standard
gradient descent often suffers from uneven convergence, noisy re-
sults and undesirable local minima. A primary reason for this is the
highly heterogeneous nature of inverse rendering problems. For
example, an albedo texture and a normal map affect the objective
function differently. Moreover, different views of a scene might ob-
serve textured details at different scales. Both rendered images and
gradients are further corrupted by Monte Carlo noise, with the noise
level varying between different views or lighting conditions. These
properties of inverse rendering make it hard to choose the right
hyperparameters for existing preconditioning [Nicolet et al. 2021]
or gradient filtering [Chang et al. 2024] methods. We introduce a
novel preconditioning technique that significantly improves recon-
structed textures by combining Laplacian image pyramids [Burt
and Adelson 1983] and mipmapping [Williams 1983]. Our Laplacian
mipmapping is easy to implement, has low computational overhead
and significantly outperforms prior work on a number of inverse
rendering problems. It is less sensitive to hyperparameters than pre-
vious approaches, and therefore easier to apply to complex scenes.
We later validate this by showing results for a scene with over 100
textures and 30 different materials.

A second practical challenge is that many real objects are translu-
cent and exhibit subsurface scattering effects. Frequently, the sub-
surface scattering is heterogeneous and varies throughout the object.
In production rendering, it is common to approximate this hetero-
geneity using a 2D texture, which sets the scattering parameters of
a given subsurface light path from its entry point on the object’s
surface [Burley et al. 2018]. This offers a good proxy for the internal
variation, while avoiding costly 3D textures. We introduce a variant
of path replay backpropagation [Vicini et al. 2021b] that efficiently
differentiates path-traced subsurface scattering with textured pa-
rameters. Using path tracing avoids the limitations of previously
used diffusion dipole models [Deng et al. 2022; Jensen et al. 2001]. We
show that our method, in conjunction with our Laplacian mipmap-
ping, robustly recovers textured subsurface scattering parameters.
Figure 1 shows the results of a complex joint optimization of normal
maps and spectrally-varying subsurface scattering.

Finally, we apply both our Laplacian mipmapping and differen-
tiable subsurface scattering to the challenging problem of facial
appearance reconstruction. Creating realistic digital humans is a

long-standing area of research, with applications ranging from vi-
sual effects to synthetic data generation for machine learning. Our
methods, for the first time, enable using end-to-end differentiable
path tracing to directly optimize the parameters of standard pro-
duction rendering models for human skin. The reconstructed ap-
pearance textures enable realistic rendering with novel views and
lighting conditions. A key insight is that existing physically-based
rendering models can achieve a high degree of realism if their pa-
rameters are optimized using inverse rendering.

The remainder of the paper is organized around our three core
contributions, which are:

• Laplacian mipmapping, improving robustness and quality of
inverse rendering of textures.

• Efficient differentiation of textured, path-traced subsurface
scattering, facilitating inverse rendering of spatially- and
spectrally-varying translucent materials.

• An application of the previous two techniques to a challeng-
ing dataset of sparse multi-view captures of human faces.

2 RELATED WORK
Our review of related work mirrors the structure of the rest of the
paper. We first discuss work related to texture reconstruction and
prefiltering, then continue with subsurface scattering and conclude
with a short summary of facial appearance capture.

2.1 Texture reconstruction and prefiltering
Physically-based inverse rendering. Prior work on physically-based

inverse rendering primarily focused on obtaining accurate gradi-
ents of geometric visibility discontinuities [Bangaru et al. 2020; Li
et al. 2018; Loubet et al. 2019; Zhang et al. 2020] and global illu-
mination [Nimier-David et al. 2020; Vicini et al. 2021b], as well as
providing the underlying rendering systems [Jakob et al. 2022b,a].
Our goal is to use the resulting gradients to reconstruct high-quality
textures. Nicolet et al. [2021] address a similar problem for inverse
rendering of meshes. Instead of directly optimizing an array of 3D
vertex positions, they optimize in differential coordinates [Sorkine
2006]. This Laplacian preconditioner significantly improves the re-
constructed meshes and can also be applied to textures. Recently,
Chang et al. [2024] used a cross-bilateral filter [Eisemann and Du-
rand 2004; Petschnigg et al. 2004] to denoise texture gradients, which
can further improve results in some settings. We compare our Lapla-
cian mipmapping to both of these approaches, and show consistent
improvements while requiring less hyperparameter tuning.

Radiance field methods. Multiscale representations and mipmap-
ping are commonly used to improve robustness and quality of neural
radiance fields (NeRFs) [Mildenhall et al. 2020]. Barron et al. [2021]
suggest prefiltering the NeRF’s positional features based on ray dif-
ferentials. On the other hand, neural hash grids [Müller et al. 2022]
accumulate features across a hash grids of increasing resolutions,
and have also been combined with mipmapped lookups [Barron et al.
2023]. Accumulating features across hash grid resolutions is concep-
tually similar to our use of a Laplacian pyramid. Several works have
used some form of pyramidal texture representation [Turki et al.
2023; Verbin et al. 2024]. PyNerf [Turki et al. 2023] combines a pyra-
mid of grid-based neural features with mipmapped lookups. Our
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Laplacian mipmapping takes inspiration from these prior works, but
does not require neural networks. This decreases the evaluation cost
and makes our representation suitable for physically-based inverse
rendering.

Prefiltering for rendering. Mipmapping [Williams 1983] is a type
of prefiltering that reduces noise and aliasing artifacts caused by
mismatching texture and render resolution. By tracing ray differen-
tials [Igehy 1999], a renderer can select the texture of appropriate
resolution from a precomputed hierarchy of downsampled textures.
Conventional linear downsampling works well for color textures,
but cannot always preserve rendered appearance [Bruneton and
Neyret 2012]. Non-linear texture prefiltering methods improve re-
sults for normal mapped [Olano and Baker 2010] and displacement
mapped [Dupuy et al. 2013] surfaces. The combination of these
methods with our work is an interesting future direction. Finally,
neural material models [Kuznetsov et al. 2021; Xue et al. 2024] com-
monly build on multiscale representations to support mipmapped
lookups, and volumetric representations [Bako et al. 2023; Loubet
and Neyret 2017; Vicini et al. 2021a; Weier et al. 2023; Zhou et al.
2025] have been used to prefilter complex geometry.

2.2 Subsurface scattering
Forward rendering. Rendering subsurface scattering requires sim-

ulating volumetric scattering to solve the radiative transfer equa-
tion (RTE) [Chandrasekhar 1960], e.g., using path tracing [Kajiya
1986; Kajiya and Von Herzen 1984]. Early works in computer graph-
ics used diffusion theory [d’Eon et al. 2007; Donner and Jensen 2005;
Jensen et al. 2001], which approximates the solution to the RTE using
analytical scattering profiles. While fast to compute, these methods
produce visible rendering bias on thin geometry or high curvature
regions. Modern production renderers have thus largely abandoned
diffusion in favor of path-traced subsurface scattering [Burley et al.
2018; Christensen et al. 2018; Georgiev et al. 2018]. The path trac-
ing estimator can be made more efficient by using Dwivedi sam-
pling [Křivánek and d’Eon 2014], path guiding [Herholz et al. 2019]
or specialized light sampling techniques [Koerner et al. 2016]. We
show how to adapt path-traced subsurface scattering to inverse
rendering problems. An alternative approach are neural subsurface
scattering estimators [Leonard et al. 2021; Tg et al. 2024; Vicini et al.
2019], which allow some rendering error in favor of performance.

Inverse rendering. Inverse rendering of volumetric scattering has
applications such as the reconstruction of general participating
media [Gkioulekas et al. 2016, 2013], fabric appearance [Khungurn
et al. 2015] and prefiltering of volumetric appearance [Zhao et al.
2016]. Velinov et al. [2018] used path-traced subsurface scattering
to model the appearance of teeth. Many early works were limited to
computing derivatives of a small number of parameters, whereas our
implementation does not impose any restriction on the number of
optimized parameters. Recently, Deng et al. [2022] differentiated the
diffusion approximation [Jensen et al. 2001] to reconstruct textured
subsurface scattering. Our method produces more realistic results
due to the use of the accurate path tracing estimator.

2.3 Facial appearance capture
Appearance capture. Accurately reconstructing the appearance of

human faces is an important problem in computer graphics. Over
the years, a variety of light stage capture systems have been pro-
posed [Debevec et al. 2000; Ghosh et al. 2011; Guo et al. 2019; Ma et al.
2007]. These typically feature a large number of cameras and some
combination of active illumination, structured light and polarized
imaging. Early works often imposed lengthy, multistage capture
protocols. For example, Weyrich et al. [2006] measured subsurface
scattering using purpose-built contact probes that had to be placed
on the skin. Ghosh et al. [2008] projected dot patterns to recover
subsurface scattering profiles, in addition to using polarization to
recover fine details. See also Klehm et al. [2015] for a survey cov-
ering early works. Later approaches reduced complexity and cost
of capture setups [Alexander et al. 2010; Fyffe et al. 2017; Riviere
et al. 2020] and leveraged biophysical parameterizations [Aliaga
et al. 2022]. Most closely related to our work are inverse rendering
methods [Gotardo et al. 2018; Ha et al. 2024; Riviere et al. 2020].
Specifically, Riviere et al. [2020] use diffusion-based texture-space
subsurface scattering with fixed scattering parameters and Ha et al.
[2024] optimize biophysical parameters of a two-layer diffusion
model. However, neither of these methods use full differentiable
path tracing. Our approach closes the gap between the algorithms
used at capture time and in a production renderer.

Neural rendering. The challenges of realistic rendering of faces
have given rise to a large body of work on neural rendering and rep-
resentations for faces [Bai et al. 2023; Lombardi et al. 2018; Rao et al.
2022; Sarkar et al. 2023; Sun et al. 2021; Xu et al. 2023; Zhang et al.
2021]. While these methods achieve a high degree of realism, they
are largely incompatible with physically-based rendering and the
resulting representations cannot be used in a standard production
renderer.

3 LAPLACIAN MIPMAPPING

3.1 Motivation
Inverse rendering. Our goal is to reconstruct textures that mini-

mize an image-based objective function. Formally, we use gradient
descent to solve:

𝝅̂ = arg min
𝝅

𝑔(𝐼 (𝝅)), (1)

where 𝝅 denotes a vector of optimized parameters (e.g., a texture), 𝐼
is the rendering function and 𝑔 is a differentiable objective function
(e.g., 𝐿2 difference to a target image).

Desired properties. The space of possible solutions to improve
texture reconstruction is large. We design our method to satisfy
the following key properties, which we found relevant for practical
applications:

(1) Minimal hyperparameter tuning: We want to avoid in-
troducing additional hyperparameters that need to be tuned
per texture map, as tuning such parameters quickly becomes
impractical for complex scenes.
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(2) Resolution independent: Related to the above, we want
texture optimization to be as independent of render and tex-
ture resolution as possible. Modifying either of those should
not dramatically alter our method’s optimal hyperparameters.

(3) Computationally efficient: Most applications of inverse
rendering are to some extent limited by computational cost.
Thus, changes to the texture representation should incur
minimal additional computations. Texture optimization needs
to scale to very high resolutions (e.g., 81922 texels).

(4) Hardware agnostic: While GPUs are common for gradient-
based optimizations, high-end CPUs can achieve good per-
formance for inverse rendering [Jakob et al. 2022a]. Texture
optimization should work on both GPU and CPU, and not
require hardware acceleration of specific operations (e.g., ma-
trix multiplication).

Limitations of existing approaches. Before introducing our method,
we briefly discuss the limitations of existing approaches to texture
optimization. A straightforward solution is using gradient descent
with the Adam optimizer [Kingma and Ba 2015], without any special
handling of textures. In practice, this often requires a large num-
ber of iterations to converge and is prone to noise artifacts in the
reconstructed textures and local minima. One possible remedy are
coarse-to-fine schemes. Starting from a low initial resolution, the
optimized texture is upsampled at fixed steps (e.g., every 𝑁 iter-
ations). Finding the right upsampling “schedule“ is difficult, and
depends on the type of texture, rendering resolution and amount of
Monte Carlo noise. The upsampling step decouples fitting of low
and high frequencies, and unconverged low-resolution textures im-
pede fitting of fine details later on. Another possible improvement is
using differentiable mipmapping [Williams 1983]. For this, one first
computes a Gaussian pyramid [Adelson et al. 1984] of the texture by
repeated differentiable downsampling. The differentiable renderer
then accesses the appropriate texture resolution using the current
ray’s differential [Igehy 1999]. From all mipmap levels, gradients
“propagate“ up to the high-resolution base texture. This reduces
artifacts for scenes with significant texture minification, i.e., when
the texel density exceeds the rendered pixel density. Otherwise, this
performs similarly to standard Adam and does not accelerate fitting
of low frequencies. We will separately discuss and compare to prior
work by Nicolet et al. [2021] and Chang et al. [2024] in Section 3.3.

3.2 Method
Laplacian mipmapping. Our approach is rendering-resolution-

aware, automatically adapts to the texture’s frequency content and
does not require any scheduling mechanism or additional hyper-
parameters. We leverage the well-known duality between Lapla-
cian and Gaussian pyramids. While Gaussian pyramids store down-
sampled images, Laplacian pyramids store residuals between the
lower resolutions and the next higher resolution. Each level of a
Gaussian pyramid (i.e., a mipmapped texture) can be efficiently con-
structed from its corresponding Laplacian pyramid. Instead of the
mipmapped texture itself, we optimize the levels of the Laplacian
pyramid, which act as an (overparameterized) preconditioner for
the optimized texture.

2x upsampling

Laplacian pyramid Mipmapped texture

2

2

Image

Fig. 2. We construct a texture’s mipmap hierarchy from a Laplacian pyramid.
A texture lookup during rendering thus accumulates information from all
levels in the Laplacian pyramid below the queried mipmap level (red).

Figure 2 illustrates our approach and highlights the levels of the
Laplacian pyramid contributing when a specific mipmap level is
accessed. Conventional differentiable mipmapping propagates gra-
dients from lower resolutions to the original high-resolution texture,
whereas our Laplacian mipmapping averages and downsamples gra-
dients to lower-resolution pyramid levels. Our approach combines
the benefits of coarse-to-fine schemes and mipmapping, while avoid-
ing their shortcomings. Most importantly, it significantly reduces
the resolution dependence of the optimization’s convergence, mak-
ing it easier to handle complex and heterogeneous inverse rendering
problems.

Clamping and frequency decomposition. Many appearance param-
eters require restriction to a valid parameter range during optimiza-
tion (e.g., albedo values have to be in [0, 1]). We support this by
clamping the highest-resolution mipmap level to the desired range
and rebuilding the Laplacian pyramid. This has the side effect of en-
suring frequency decomposition between levels. Therefore, a finer
resolution cannot contain low frequencies already accounted for at
the lower levels. We found this to slightly improve results, although
it can be a trade-off in the presence of non-linear minification effects,
as we will discuss in the following section.

3.3 Results and discussion
Implementation details. We implemented our method using Dr.Jit

and Mitsuba [Jakob et al. 2022b,a]. Timings are measured on a sys-
tem with an AMD Ryzen Threadripper PRO 3945WX 12-core CPU
and an NVIDIA RTX A6000 GPU. Unless stated otherwise, optimiza-
tions run for 128 gradient descent steps. We compare our method to
previous work by Nicolet et al. [2021] and Chang et al. [2024]. Nico-
let et al. [2021] provide a Cholesky solver for their linear system, but
this is impractical for high-resolution textures (e.g., the Cholesky
decomposition for a 40962 texture takes 13 minutes). We there-
fore implemented a conjugate gradient solver using Dr.Jit, which is
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Fig. 3. Comparison of Laplacian mipmapping to existing approaches. We compare our method to standard Adam, coarse-to-fine texture upsampling,
differentiable mipmapping and the combination of coarse to fine and mipmapping. From left to right, we optimize each painting’s texture of the following
type and resolution: albedo (20482), roughness (40962) and albedo (81922). The rendering resolution is 1500 × 1200.
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Fig. 4. Optimization of an image that is “rendered“ by querying a texture on a regular grid of the same size. Top row: Unmodified gradient descent on a
two-level pyramid is equivalent to linearly filtering the gradients of a regular non-pyramid texture. Bottom row: In contrast, the Adam optimizer improves
results for the pyramid by adjusting the learning rate per texel per level. For completeness, we also provide results for unmodified gradient descent and Adam.

specialized to regular texture grids and scales better to higher reso-
lutions. For the cross-bilateral gradient filtering, we follow Chang
et al. [2024] and implement it using À-trous filters [Dammertz et al.
2010]. Our Dr.Jit implementation matches the original Slang [He
et al. 2018] code and achieves similar performance.

Comparison to coarse to fine & mipmapping. In Figure 3, we com-
pare our method to existing approaches on a challenging single-view
optimization. For each method, we determine the learning rate that
minimizes the final 𝐿2 loss using a brute-force search. Coarse to fine
with an exponential upsampling schedule improves over standard
Adam, but cannot converge uniformly across all textures. Due to the
mismatch between texture and render resolution, mipmapping im-
proves convergence and high-frequency details. Combining coarse
to fine with mipmapping further decreases the error, but is overly
smooth due to insufficient iterations at the finest resolution. Finally,
our Laplacian mipmapping achieves uniform convergence for all

optimized textures, recovering both low- and high-frequency details
more consistently than the other methods.

Analysis of pyramid representation. Figure 4 considers a simplified
problem, which helps to further analyze the source of these improve-
ments. We optimize a texture that is “rendered“ by evaluating it
on an image grid of matching resolution. To emulate Monte Carlo
rendering noise, we jitter the evaluation of the texture within the
image pixels and add a small amount of Gaussian color noise. We
use a two-level pyramid with level resolutions 642 and 20482, and
use nearest neighbor upsampling for the lower level (instead of the
usual bilinear upsampling). The rendering does not use mipmapping
and thus always evaluates the sum of both levels.

This setup reveals an interesting equivalence: Using the pyramid
representation is equivalent to optimizing a regular, non-pyramid
texture while filtering its gradient before applying the gradient
descent step. The filter that has to be applied is the sum of the
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Fig. 5. Comparison of our method to cross-bilateral gradient filter-
ing [Chang et al. 2024] on a scene where a 40962 texture is simultaneously
optimized for a close-up (top row) and a wide-angle view (bottom row), each
rendered at 10242. We find the optimal learning rate (lr) and cross-bilateral
filter weight 𝜎 using a grid search. We do this for both views at the same
time ("Opt. combined"), as well as for each view individually ("Opt. close"
and "Opt. far"). The optimal parameters for one view do not generalize to the
other, and even the best combined filter bandwidth 𝜎 cannot simultaneously
handle both views.

identity and a 32×32 box-filtered downsampling followed by nearest-
neighbor upsampling, see the supplemental material for details. The
equivalence holds for conventional gradient descent. The Adam
optimizer, however, adapts the per-level step size and can leverage
the pyramid’s overparameterization to adjust to the problem at hand.
In summary, using an adaptive optimizer such as Adam is essential
for the pyramid representation to improve results. We always use
the same base learning rate for all pyramid levels, and did not find
consistent improvements using any other strategy (e.g., reducing
learning rates for lower resolutions).

Hyperparameter tuning challenges. In Figure 5, we compare our
approach to the cross-bilateral gradient filtering [Chang et al. 2024]
in a two-camera setup. The gradient filtering struggles to simulta-
neously fit to both views, since the ideal filter bandwidth 𝜎 differs
between them. A similar limitation affects the smoothing parameter
𝜆 in the Laplacian preconditioner [Nicolet et al. 2021], see the supple-
mental material. Our method successfully handles the variation in
texture and render resolution and outperforms both prior methods.

Performance. We evaluate the runtime performance of our method
and prior work in Figure 6. We plot the texture update cost per opti-
mization step. The reported time consists of the cost of a differen-
tiable forward evaluation of the given representation, followed by
a reverse-mode gradient computation and, if applicable, any non-
trivial clamping or filtering steps. It does not include render time,
as this is highly scene dependent. On GPU, our method performs
similar to the cross-bilateral filtering. On CPU, it is up to 4× faster.
Not surprisingly, standard Adam is very fast, as it only performs a
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Fig. 6. We plot the time for differentiable forward evaluation, gradient
computation, and, if applicable, clamping for our method and prior work
over varying texture resolutions. For Nicolet et al. [2021] we show timings
for both the original Cholesky solver and our conjugate gradient (CG) solver.
The Cholesky solver’s preprocessing time is not included in the plot. At
40962, it exceeds 10 min and we therefore only report timings up to 20482.

small amount of computation to update the optimizer state. In prac-
tice, the cost for these texture updates is dominated by rendering
cost, and can further be amortized by rendering several views in a
given iteration. This makes it such that the relative overhead of our
method over standard Adam becomes small.

Comparison to previous work. In Figure 7, we evaluate the recon-
struction quality of our method against prior works [Chang et al.
2024; Nicolet et al. 2021]. Learning rates and, if applicable, additional
hyperparameters are tuned per scene. For a given scene, all textures
use the same learning rate, except normal maps, which across tech-
niques benefit from scaling the base learning rate by 0.1. Normal
maps require additional care to handle backfacing normals, see the
supplemental material for details. The challenging Patio scene has
over 30 optimized materials, each using albedo, roughness, metal-
ness and normal maps. The texture resolutions range from 10242 to
40962. The optimization uses six cameras and the rendering reso-
lution is gradually increased from 240×135 to 1920×1080 using an
exponential schedule. Previous work struggles to handle the diverse
texture and image resolutions. Our Laplacian mipmapping excels
in this scene, providing stable and uniform convergence across all
textures, while requiring minimal hyperparameter tuning. Our sup-
plemental HTML viewer allows to interactively explore results for
all the tested hyperparameter values (>60 for previous work). In the
Leather Bag scene, we optimize a 40962 normal map responsible
for high-frequency glint-like appearance using a close-up camera
view (at 10242 resolution) and four different lighting conditions.
In this setup, the Laplacian preconditioner outperforms standard
Adam and gradient filtering. As also noted by Chang et al. [2024],
the cross-bilateral filter overblurs textures without sufficiently dis-
tinct structural features, and in this case performs worse than stan-
dard Adam. After 32 iterations, our approach already outperforms
standard Adam’s final result. Finally, the Wicker Basket uses an
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error [Andersson et al. 2020]. We report the 𝐿2 error for the full image after 32 and 128 iterations.
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Fig. 8. We render a high-frequency normal map with constant roughness at
a 10242 and 322 render resolution, respectively, and optimize textured rough-
ness (20482) and normal map (40962). We show results with and without
projection (i.e., rebuilding of the Laplacian pyramid) at every iteration.

identical setup as the previous scene, albeit with an 81962 normal
map. The cross-bilateral filter is a good fit for the structured appear-
ance of the wicker, but our method still provides a higher quality
final reconstruction. Across all scenes, a learning rate of 0.005 or
0.001 consistently worked well for our approach, highlighting its
robustness in adapting to texture and rendering resolution.

Limitations. Our clamping rebuilds the Laplacian mipmap at ev-
ery gradient step, which is a form of projected gradient descent. The
example in Figure 8 shows that this might produce worse results
when non-linear prefiltering is required. We constructed this op-
timization setup to highlight the well-known non-linear interplay
between roughness and normal map [Olano and Baker 2010]. In this
case, linearly filtering when rebuilding the pyramid is incorrect, and
we get better results by disabling the projection step. In practice, we
still found the projection to generally benefit results on our other
scenes. For future work, it would be interesting to combine our
method with approaches such as LEAN [Olano and Baker 2010] or
LEADR [Dupuy et al. 2013] mapping.

4 INVERSE SUBSURFACE SCATTERING

4.1 Rendering model
Volume rendering. We now turn to reconstructing materials with

textured subsurface scattering. Their translucent appearance is de-
scribed by the radiative transfer equation [Chandrasekhar 1960],
which models the interaction of light with participating media. It
can be reformulated as the recursive volume rendering equation:

𝐿𝑜 (x,𝝎𝑜 ) =
∫ ∞

0
𝑇 (x, x𝑡 )𝜎𝜌

∫
S2

𝑓𝑝 (𝝎𝑜 ,𝝎𝑖 )𝐿𝑖 (x𝑡 ,𝝎𝑖 ) d𝝎𝑖 d𝑡, (2)

where 𝐿𝑜 and 𝐿𝑖 are outgoing and incident radiance, 𝝎𝑜 and 𝝎𝑖

direction vectors, x a 3D position, x𝑡 B x − 𝝎𝑜 · 𝑡 , and S2 the unit
sphere. The participating medium’s appearance is determined by
extinction coefficient 𝜎 , single-scattering albedo 𝜌 and phase func-
tion 𝑓𝑝 . For a homogeneous medium, the transmittance is defined
as 𝑇 (x, y) = exp (− ∥y − x∥ 𝜎). See [Pharr et al. 2023] for a compre-
hensive introduction to volume rendering.

Path-traced subsurface scattering. Path tracing estimates the out-
going radiance due to subsurface scattering by applying Monte
Carlo integration to Equation (2). We sample a light path through

Path tracing Di�usion dipole models

Texture lookups
-

Fig. 9. Left: Path-traced subsurface scattering estimates outgoing radiance
by sampling a light path through the object’s interior. The medium pa-
rameters are set by evaluating 2D textures at the point of entry. Right:
An alternative, approximate solution are diffusion dipole models [Jensen
et al. 2001], which directly sample outgoing surface locations according to
a two-dimensional scattering profile [King et al. 2013].

an object’s interior by alternating between sampling the free-flight
distance to the next scattering event and the outgoing direction. The
distance is sampled proportional to transmittance, and the direction
according to the phase function. As common in production render-
ing [Chiang et al. 2016], we approximate the scattering medium’s
three-dimensional heterogeneity using a set of 2D surface textures.
During rendering, the used medium parameters are determined by
the surface position at which the current light path entered the
object. Figure 9 illustrates the path-traced subsurface scattering
algorithm, and contrasts it to the diffusion approximation used by
prior work [Deng et al. 2022; Jensen et al. 2001].

4.2 Inverse rendering
Differentiable path tracing. Differentiating the above estimator

using conventional automatic differentiation would require a pro-
hibitive amount of memory to store intermediate computation state.
We therefore use path replay backpropagation (PRB) [Vicini et al.
2021b], which leverages arithmetic invertibility and recomputation
to avoid storing expensive state checkpoints. At a high level, PRB
computes gradients in three phases:

(1) A forward, also called primal, rendering pass estimates the
rendered image and differentiates the objective function with
respect to the image.

(2) A second uncorrelated rendering pass traces new light paths
and retains their accumulated radiance estimates.

(3) A final pass replays the paths from step 2 by using the same
random seed. It accumulates parameter gradients by leverag-
ing the previously computed radiance.

Baseline implementation. We implemented a differentiable path
tracing integrator that supports subsurface scattering and PRB. We
render spectrally-varying media using multiple importance sam-
pling (MIS) [Veach and Guibas 1995] over color channels [Pharr
et al. 2023, Section 14.2.3]. Our specialized implementation does not
need to handle fully heterogeneous media or next-event estimation
within the medium, which results in an up to 4× speedup over Mit-
suba’s [Jakob et al. 2022b] general-purpose volumetric path tracer
with MIS. To support differentiating textured parameters, each it-
eration of the volumetric path tracing loop needs to differentiably
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1 def accumulate_subsurface_scattering_gradient(𝛿𝐿, 𝐿, ...):
2 xsurface = ray_intersect(ray, ...)
3 ...
4 while current path in a scattering medium:
5
6 𝜎, 𝜌, ... = evaluate_volume_parameters(xsurface,𝝅, ...)
7 𝑡, 𝑇 = sample_transmittance(𝜎, ...)
8 𝝎𝑖 = sample_phase_function(ray, ...)
9

10 𝛽𝑖 = 𝜌 * 𝜎 * 𝑇
11 𝛿𝝅 += backward(𝛿𝐿 * 𝐿 * 𝛽𝑖 / detach(𝛽𝑖))
12 ...

Algorithm 1. Pseudocode for computing gradients of textured subsurface
scattering with path replay backpropagation.

1 def accumulate_subsurface_scattering_gradient(𝛿𝐿, 𝐿, ...):
2 N = 0, 𝑡 = 0.0
3 xsurface = ray_intersect(ray, ...)
4
5 𝜎, 𝜌, ... = evaluate_volume_parameters(xsurface,𝝅, ...)
6 while current path in scattering medium:
7 𝑡, 𝑇 = sample_transmittance(𝜎, ...)
8 𝝎𝑖 = sample_phase_function(ray, ...)
9 𝑡 += 𝑡

10 N += 1
11 ...
12
13 # Equation (4)
14 𝛿𝝅 += backward(𝛿𝐿 * 𝐿 * (N * 𝜌 * 𝜎 / detach(𝜌 * 𝜎) - 𝑡 * 𝜎))
15 ...

Algorithm 2. Pseudocode for the improved PRB that avoids repeated dif-
ferentiation of textured parameters.

re-evaluate the medium parameters and backpropagate gradients
related to the current iteration.

Pseudocode. Algorithm 1 provides pseudocode for the gradient
accumulation, or adjoint, third phase of PRB. Following Vicini et al.
[2021b]’s notation, 𝛿𝐿 is the derivative of the loss function with
respect to radiance. Further, 𝐿 is the radiance retained from the
second phase of PRB and xsurface is the point of entry. Lines 6–8 per-
form standard volumetric path sampling and lines 10–11 accumulate
parameter derivatives. The function backward evaluates gradients
using local reverse-mode automatic differentiation, and detach de-
taches a quantity from the gradient computation. Similar to the
original PRB, no automatic differentiation over loop boundaries is
used, which avoids storing large checkpoints.

Limitations of Algorithm 1. The above implementation is correct,
but wasteful: Despite the medium parameters being fully determined
by the point of entry, the algorithm repeatedly differentiates the
associated bilinear texture fetches. The loop body performs four
atomic additions (or eight, if mipmapping is used) to the gradient
of each used texture, which is expensive due the high number of
interactions required for subsurface scattering.

Improving performance. We reduce the number of atomic addi-
tions by aggregating the gradient computation. Omitting the phase
function for simplicity, the throughput of a subsurface scattering
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Fig. 10. Performance of our methods when differentiating textured albedo,
extinction and phase function (texture resolution of 10242, render resolution
of 5122, 1 sample per pixel). The horizontal axis is the relative runtime
compared to the baseline PRB, and the numbers in each bar are absolute
timings. We render three sets of medium parameters, each corresponding
to a different average number of scatterings events along a path.
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Fig. 11. We validate our implementation’s forward-mode gradients for
spectrally-varying albedo, extinction and Henyey-Greenstein phase function
anisotropy 𝑔 against finite differences.

light path is:

𝛽 =

𝑁∏
𝑖=1

𝛽𝑖 = 𝜌𝑁𝜎𝑁 𝑒−𝑡𝜎 , (3)

where 𝑁 is the number of scattering events in the volume and 𝑡

the path’s length. We use standard PRB for the outer path tracing
loop over surface interactions, but aggregate all backward passes
involving the volumetric path throughput update 𝛽𝑖 /detach(𝛽𝑖 )
(line 11 in Algorithm 1) into a single evaluation of the ratio of 𝜕𝜋 𝛽
and 𝛽 . We compute this ratio robustly by simplifying:

𝜕𝜋 𝛽

𝛽
=

𝜕𝜋

[
𝜌𝑁𝜎𝑁 𝑒−𝑡𝜎𝑡

]
𝜌𝑁𝜎𝑁 𝑒−𝑡𝜎𝑡

=
𝑁𝜕𝜋 [𝜌𝜎]

𝜌𝜎
− 𝑡 𝜕𝜋𝜎. (4)

This expression can be evaluated using automatic differentiation
and is numerically robust for large values of 𝑁 or 𝑡 . Algorithm 2
shows the modified algorithm, which avoids re-evaluating textured
parameters and gradient accumulation within the loop. This idea
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Reference Without di�use exit With di�use exitReference Without di�use exit With di�use exit

Fig. 12. Impact of using a diffuse exit BSDF on inverse rendering. Left: The
reference is rendered without diffuse exit. Center: Unbiased rendering with-
out diffuse exit needs 512 iterations to converge due to the high rendering
noise. Right: Our optimization with diffuse exit manages to closely approx-
imate the reference within 128 iterations, and leads to lower variance and
render times. Both final optimization states are rendered at a higher sample
count to better showcase the quality difference. The reported timings are
for the entire optimization.
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Fig. 13. Comparison of our method and the differentiable diffusion dipole
model [Deng et al. 2022].

generalizes to computing phase function gradients, and we provide
pseudocode for it in the supplemental material.

Figure 10 shows a performance comparison between both our
implementations. The improved version is between 20% and 60%
faster, depending on the average number of scattering events. In
Figure 11, we verify the correctness of our method by comparing
forward-mode derivatives to finite differences1. Our estimator is
unbiased and closely matches the finite-difference gradients.

Variance reduction. Path-traced subsurface scattering suffers from
high variance under non-diffuse illumination, which also affects

1Any PRB implementation can be extended to support forward-mode derivatives by re-
placing the inner reverse-mode gradient computation (backward) by the corresponding
forward-mode computation. This is useful for validation and debugging, as it allows to
render “gradient images“.

estimated parameter gradients. We therefore use an approximation
that reduces variance to a practical level. As a light path exits the
scattering medium, we evaluate a diffuse transmission lobe, instead
of the original rough dielectric boundary BSDF. This approach has
been used in various production renderers [Chiang et al. 2016].
Figure 12 shows the impact of this approximation on optimization
results. It reduces variance and improves convergence, at the cost
of a small amount of bias. More sophisticated next-event estimation
techniques could be used if unbiased rendering is required [Koerner
et al. 2016].

Optimization. We use our Laplacian mipmapping to optimize
textured subsurface scattering parameters. We found that directly
optimizing the single-scattering albedo 𝜌 does not work well, since
its effect on the final image pixels is highly non-linear. For example,
a light path with 100 interactions will have a final contribution that
is 𝜌100. A seemingly high albedo of 𝜌 = 0.99 will produce an effective
albedo 𝜌 of 𝜌 ≈ 0.36, but 𝜌 = 0.9995 reaches an effective albedo of
0.95. We reduce this non-linearity by instead optimizing effective
albedo values and differentiably computing single-scattering albedo
using the remapping introduced in [Pharr et al. 2018, Section 15.5.8]:

𝜌 =
1 − 𝑒−8𝜌

1 − 𝑒−8 . (5)

We found this to consistently lead to better optimization results. In
production rendering, similar mappings are used to provide more
intuitive controls for manual editing of scattering materials [Chiang
et al. 2016; Wrenninge et al. 2017].

4.3 Results
Synthetic scenes. In Figure 14, we show optimization results using

our differentiable path tracing together with Laplacian mipmap-
ping. We recover a textured subsurface scattering albedo (20482 tex-
ture), spectrally-varying extinction (RGB vector), and the Henyey-
Greenstein phase function’s anisotropy parameter 𝑔 (RGB vector).
Both examples use a single camera view and eight different lighting
conditions obtained by rotating the environment map lighting. We
render the results under novel illumination, demonstrating that the
reconstructed parameters generalize to lighting conditions not used
during optimization.

Teaser. In Figure 1, we increase the optimization complexity of
the Snail scene by also recovering high-frequency normal maps, in
addition to the medium parameters. We use four more camera views
and increase the number of optimization steps to 256 to ensure high-
quality results. Our supplemental video shows the optimization
process on different camera views and lighting conditions, and the
supplemental HTML viewer allows detailed inspection of the results.

Captured data. Deng et al. [2022] provide a dataset of real cap-
tures of translucent objects. For each object, the dataset contains
50 images with varying lighting conditions. Deng et al. [2022] use
a differentiable implementation of a dipole diffusion model to re-
construct the translucent appearance. In Figure 13, we compare our
approach to theirs, demonstrating the joint benefit of our Laplacian
mipmapping and differentiable path-traced subsurface scattering.
Since our method does not handle geometry optimization, we first
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Fig. 14. Inverse rendering of subsurface scattering albedo texture, spectrally-varying extinction and phase-function parameters. On the Snail scene, only the
shell and skin of the snail are optimized.

reconstruct the geometry using their implementation and re-run
the appearance-only optimization for both methods (see the supple-
mental material for details). Our method achieves a more faithful
reconstruction of the kiwi, capturing intricate translucency effects
that are hard (or impossible) for dipole diffusion models to recover.

5 APPLICATION: FACIAL APPEARANCE
RECONSTRUCTION

5.1 Problem setup
We use our methods to reconstruct appearance parameters that
accurately reproduce the high-frequency specular highlights and
subsurface scattering observed on human faces. Our focus is recov-
ering the appearance of skin, and we do not aim to build detailed
models of hair or eyes.

Data capture. We use a sparse multi-view capture setup consisting
of 13 cameras and 14 lights that are evenly distributed over the
hemisphere in front of the captured subject’s face, similar to [Sarkar
et al. 2023]. Each capture includes both one-light-at-a-time (OLAT)
images and interspersed “full-on“ frames, where all lights are on.

Preprocessing. The full-on captures are used to perform a multi-
view stereo reconstruction of the subject, to which we register a
parametric face model [Blanz and Vetter 1999]. This ensures clean
base mesh geometry with a consistent UV layout, although our
method could also be directly applied to the initial multi-view stereo
mesh. Further, we compute optical flow between full-on frames and
use the resulting motion vector field to align OLAT frames. This
compensates for small motion of the subject during capture [Guo
et al. 2019]. We obtain an initial guess of the light source positions
by capturing images of a mirror sphere.

5.2 Method
Overview. Given initial geometry, light positions and calibrated

camera poses, we use inverse rendering to reconstruct textured
appearance parameters from the OLAT images. By leveraging our

Laplacian mipmapping and differentiable subsurface scattering, this
becomes feasible and requires only little additional complexity. We
focus on the high-level ideas here, and provide detailed optimization
settings in the supplemental material.

Light representation. We model the physical light sources using
a measured IES profile, which describes their shape, size and ra-
dial falloff, and was obtained from a commercial vendor. The light
sources are approximated as disks (≈ 9 cm diameter) with a radially-
symmetrical angular falloff, and are rendered using a custom Mit-
suba emitter plugin. This representation improves over simpler
heuristics such as point or sphere lights. While the importance of
accurate lighting representations has been highlighted in previous
work [Ling et al. 2024], we believe to be the first to use measured
IES profiles for inverse rendering. Finally, we use a smooth falloff
of the light intensity towards the edge of the disk to differentiably
render shadows without costly discontinuity handling.

Multiresolution optimization. We would like to fit appearance
maps to captured images of resolution 2048×3072. However, render-
ing at this resolution in every optimization step would be extremely
costly. We therefore start at a resolution of 16 × 24 and gradually
increase the resolution as the optimization progresses. This reduces
total optimization time. Thanks to our Laplacian mipmapping, ini-
tially rendering at lower resolutions does not harm the recovery of
fine details later on.

Two-stage optimization. To further reduce optimization time, we
split the optimization in two phases and only enable subsurface
scattering in the second phase. We begin by optimizing albedo and
roughness of a principled BSDF [Burley 2012], alongside a high-
resolution normal map (40962) and a low-resolution displacement
map (2562). While we also recover eye textures, these merely serve
as low-quality proxies. We further optimize the light source position,
orientation and intensity, as well as a diagonal per-camera color
gain. The latter compensates for imperfections in the initial color
calibration. We use path replay backpropagation [Vicini et al. 2021b]

ACM Trans. Graph., Vol. 44, No. 4, Article . Publication date: August 2025.



12 • Weier et al.

Ours (without SSS) Ours (with SSS) ReferenceOurs (without SSS) Ours (with SSS) Reference

Fig. 15. Results of our method on captured faces. We compare the re-renderings of our method, both with and without subsurface scattering (SSS), to the
captured reference images. Columns 4-6 show zoom-ins of the images in columns 1-3.
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Reference -1 light -1 camera & -1 light

Ours -1 camera -3 cameras & -3 lights

Fig. 16. Effect of leaving out some camera views and lights. We show results
(without subsurface scattering) of not using the current camera view or
light, or both in the optimization. We also show the effect of holding out
two additional cameras and lights.

to differentiably render with up to one indirect light bounce. After
136 iterations, we run a second optimization to fit the subsurface
scattering parameters. For this, we optimize textured subsurface
scattering albedo (40962), extinction (1282) and Henyey-Greenstein
anisotropy (1282). The difference in texture resolutions encodes the
assumption that density and anisotropy vary at lower frequency
than albedo. We keep normal, displacement and roughness map
fixed and optimize the subsurface scattering parameters for another
136 iterations. The first optimization phase takes around 4 h 15 min,
and the second around 1 h. The second phase is faster since we use
only 8 randomly sampled OLAT images in each iteration, in contrast
to all 182 in the first phase. We found this to be sufficient, as the
subsurface scattering has less angular variation than the specular
highlights that we fit in the first phase.

5.3 Results
Appearance reconstruction. Figure 15 shows the output of our

method after both first and second optimization phase. The first
phase recovers challenging specular highlights and fine surface de-
tail. Without subsurface scattering, the skin looks unrealistic, in
particular for light hitting at grazing angles. Adding subsurface scat-
tering smooths out the diffuse appearance, while retaining specular
highlights. As expected, subsurface scattering is slightly less pro-
nounced for darker skin tones. Overall, we achieve a high-quality
reconstruction using an appearance model that matches current
production rendering implementations. See the supplemental video
for animations with moving cameras and lights.

Data sparsity. Due to the sparse capture setup, the results in
Figures 15, 17 and 18 use all available OLAT images, i.e., the entirety
of the captured dataset. In Figure 16, we analyze the effect of leaving
out one camera, one light or both from the optimization. We show
how the results degrade further when removing two more cameras
and lights. The quality visibly decreases as more data is removed.
Conversely, we believe that using a dense light stage, such as [Guo
et al. 2019], would likely further improve results.
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Fig. 17. Renderings of our reconstructions under environment illumination.

Reference LitNeRF Ours

Fig. 18. We compare our method to LitNeRF [Sarkar et al. 2023]. The used
view and lighting condition are part of the optimization for both methods.

Relighting. The recovered appearance parameters generalize to
novel lighting conditions. In Figure 17, we render reconstructions
under environment map lighting, demonstrating the robustness of
our appearance parameters and the realism that can be achieved.

Comparison to LitNeRF. Finally, we also compare our method to
LitNeRF [Sarkar et al. 2023], a recent NeRF-based representation
for OLAT captures that achieves relighting using a neural intrinsic
decomposition. Figure 18 shows that the NeRF representation al-
lows for a plausible reconstruction of features such as hair, eyes or
clothes, but suffers from significant blurring of specular highlights.
Our approach more accurately recovers high-frequency specular
reflections. Moreover, the NeRF-based approach does not allow
seamless integration into conventional production renderers.

6 CONCLUSION
Summary. We presented Laplacian mipmapping and differen-

tiable textured subsurface scattering, which together expand the
utility of inverse rendering for the recovery of textured materials.
We demonstrate this on a challenging dataset of human faces, ob-
taining high-quality rendering by fitting commonly used production
rendering appearance models.
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Limitations and future work. Our Laplacian mipmapping currently
only supports linear prefiltering and leveraging non-linear prefilter-
ing methods such as LEAN mapping [Olano and Baker 2010] remains
future work. Moreover, it would be interesting to combine it with
anisotropic or stochastic texture filtering [Pharr et al. 2024]. For
the differentiable subsurface scattering, the main limitation is the
performance of the primal rendering itself. This could be addressed
by adapting more advanced variance-reduction techniques [Her-
holz et al. 2019; Koerner et al. 2016; Křivánek and d’Eon 2014].
Finally, the results on facial appearance could be improved by using
a denser capture setup or polarization information. We hope that our
work can provide a building block to develop future, improved skin
appearance models. It would further be interesting to investigate
specialized techniques to better reconstruct eyes and hair.
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