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Abstract. State-of-the-art techniques for 3D reconstruction are largely
based on volumetric scene representations, which require sampling mul-
tiple points to compute the color arriving along a ray. Using these repre-
sentations for more general inverse rendering — reconstructing geometry,
materials, and lighting from observed images — is challenging because
recursively path-tracing such volumetric representations is expensive. Re-
cent works alleviate this issue through the use of radiance caches: data
structures that store the steady-state, infinite-bounce radiance arriving
at any point from any direction. However, these solutions rely on ap-
proximations that introduce bias into the renderings and, more impor-
tantly, into the gradients used for optimization. We present a method
that avoids these approximations while remaining computationally effi-
cient. In particular, we leverage two techniques to reduce variance for
unbiased estimators of the rendering equation: (1) an occlusion-aware
importance sampler for incoming illumination and (2) a fast cache ar-
chitecture that can be used as a control variate for the radiance from
a high-quality, but more expensive, volumetric cache. We show that by
removing these biases our approach improves the generality of radiance
cache based inverse rendering, as well as increasing quality in the pres-
ence of challenging light transport effects such as specular reflections.

1 Introduction

Volume rendering has been remarkably effective for novel view synthesis and 3D
reconstruction, as demonstrated by approaches such as Neural Radiance Fields
(NeRFs) [29] and Gaussian Splatting [18]. However, it is difficult to use volume
rendering for the more general inverse rendering problem of recovering materials
and lighting in addition to geometry. The issue is largely computational: volume
rendering techniques generally query the appearance and density of the volume
at many sample points to compute the light arriving along each ray. Combining
this with physically-accurate rendering models that simulate global illumination
(instead of simple shading models that only consider direct lighting) dramatically
increases computational complexity, because evaluating the rendering integral
requires recursively casting additional scattered rays from each sample location.
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Fig. 1: Results on two captured scenes from the Stanford ORB dataset [21]. Our model
synthesizes realistic novel views of real-world objects that exhibit complicated specu-
lar materials, and recovers accurate material roughnesses (black represents a perfect
mirror, white is perfectly rough) and albedo maps.

Recent methods [15,49] have leveraged radiance caches to simulate global il-
lumination tractably within an inverse rendering optimization pipeline. Instead
of integrating over the domain of n-bounce light paths, radiance caches store a
representation of the steady-state light arriving at any point in the volume from
any direction. This is a powerful paradigm that removes the need for recursively
evaluating the rendering integral by considering a single reflection of the incom-
ing steady-state (as opposed to direct) light at any point on the scene geometry
towards the direction of the viewer.

Existing works that combine radiance caches with volumetric inverse ren-
dering fall into two categories. The first uses trained NeRF models as radiance
caches, and volume renders the NeRF along rays from points within the scene to
estimate incoming light. This type of radiance cache has high quality but tends
to be computationally expensive to evaluate; methods that use NeRF as a radi-
ance cache, such as TensoIR [15], only compute the reflection integral at a single
point (the expected ray termination) along each camera ray. The second cate-
gory relies on cheap radiance caches such as a small MLPs, as in InvRender [49]
and NeRO [25], to evaluate incoming lighting with a single ray query. Though
fast, these caches fail to capture high-frequency and near-field illumination. We
observe that both of these existing approaches introduce bias into the pipeline:
the first category renders a NeRF model at only a single evaluation along each
camera ray, which results in a biased estimation of the volume rendering integral,
and the second category approximates incoming light with a low-capacity model,
which results in an inaccurate and biased estimation of the reflection integral.
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We present a system for volumetric inverse rendering based on the basic
goal of avoiding introducing bias into the rendering procedure as much as possi-
ble, while leveraging variance reduction techniques to keep the rendering model
computationally tractable. This is made possible by the following key technical
contributions:
– A strategy for efficiently estimating the light reflected by volumetric ge-

ometry along each camera ray by using a neural field to parameterize a
spatially-varying mixture of von-Mises Fisher distributions for light impor-
tance sampling. This captures spatially-varying illumination effects such as
light occlusion and interreflections and lets our system efficiently estimate
the rendering equation with fewer queries of the radiance cache.

– An architecture for a lightweight high-capacity radiance cache that can query
the incoming illumination from any direction at any point within the vol-
ume, along with a strategy for using this cache as a control variate to avoid
introducing rendering bias. This lets us efficiently model high-frequency and
near-field illumination without requiring the full volume rendering necessary
when using NeRF as a radiance cache.

We demonstrate that our system recovers improved geometry and materials
over prior work, and in particular enables more accurate recovery of material
parameters in regions affected by near-field lighting effects such as specular in-
terreflections. Furthermore, since our system does not use a simplified model of
volumetric geometry, it preserves the advantages of NeRF-like volumetric repre-
sentations for capturing thin structures. We validate the benefits of our system
with evaluation on existing benchmarks and rendered scenes that exhibit chal-
lenging lighting effects.

2 Related Work

Inverse rendering. Inverse rendering aims to recover scene attributes like materi-
als, lighting, and geometry, from a set of images [1,8,36,46]. A common approach
is to use a physically-based model of light transport [16,35,41] and differentiable
rendering so that it is possible to leverage gradient-based optimization for de-
composing the scene’s appearance into its constituent parts [7,14,22]. Recent ad-
vances in view synthesis demonstrate the benefit of volume rendering neural field
representations for the task of reproducing realistic images of a captured scene
from unseen views [2, 29, 42]. Neural field representations also improve inverse
rendering methods, combining ideas from volume rendering to represent geom-
etry and physically-based rendering to represent appearance [3, 12,26,32,40].

Variance-reduction for inverse rendering. Among the different paradigms for
inverse rendering using neural fields, cache-based inverse rendering is the most
closely related to ours. These methods rely on using a radiance cache for storing
the incoming radiance at every point and along every direction. These radiance
caches capture global illumination effects, replacing a prohibitively expensive
recursive path tracing procedure with a much cheaper cache look-up. This tech-
nique has been used extensively in the past for computing indirect illumination
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and global illumination effects [20,43], and consequently used for real-time ren-
dering applications [31,38,39].

In the context of inverse rendering, radiance caches are used for storing the
hemisphere of incoming radiance at every point. This hemisphere is then inte-
grated against the local BRDF to yield outgoing radiance, which is optimized to
match the observed image pixels. NeRFactor [48] only considers direct illumina-
tion effects for decomposing lights and materials, but caches the visibility of each
secondary ray into an MLP to model self occlusions. Neural Incident Light Field
(NeILF) [44] and Neural Reflective Objects (NeRO) [25] and InvRender [49] pa-
rameterize the radiance cache using an MLP modeling the incident light field.
However, they only supervise the outgoing radiance, which does not enforce con-
sistency between the radiance cache and incoming radiance. An improved version
of NeILF [47] solves this by penalizing differences between the radiance cache
and the corresponding outgoing radiance. These methods all use inexpensive
caches which tend to fail to capture high-frequency and near-field illumination.
Most recently, concurrent work to ours from Ling et al . [23] uses a NeRF-based
cache, along with an optimizable mixture of Gaussians model for importance
sampling the 3D distribution of light sources in the scene. Our work also uses
importance sampling to reduce Monte Carlo noise, but our distributions account
for occlusions — a key part of variance reduction [41]. Along with importance
sampling, we further reduce noise using control variates, two techniques that
have been extensively explored in the context of forward rendering [4, 30,34].

3 Preliminaries

In this work, we consider the problem of inverse rendering of geometry, mate-
rials, and lighting from a set of input images. We leverage a combination of
volumetric rendering and physically-based Monte Carlo rendering in order to
accomplish this task. In particular, we optimize the parameters � of a scene rep-
resentation using a regularization term Lreg and a loss term such that the color
value Li(o;!o; �) incident at a pixel corresponding to a camera ray (o;!o) —
where o is its origin and !o its direction — matches with the corresponding
measured image pixel I(o;!o):

min
Φ

X

o;ωo

kI(o;!o)� Li(o;!o; �)k2 + Lreg(�) (1)

3.1 Volume Rendering and Neural Radiance Fields

In the volume rendering setting, the incident radiance Li of a ray (o;!o) passing
through a neural volume, is computed by integrating the differential outgoing
radiance Lo at every point along that ray:

Li(o;!o) =

Z 1

0

Lo(x(t);!o)T (o;x(t))�(x(t))dt; (2)
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where T (o;x(t)) = exp(�
R t
0
�(x(s)) ds) denotes the transmittance from o to

x(t), and x(t) = o�t!o is a point along the ray parameterized by t. This integral
is generally intractable to evaluate analytically, but it can be approximated via
quadrature [27], by sampling density and radiance at a set of points fx(tk)gNk=1:

L̂i(o;!o) =

NX

k=1

wk Lo(x(tk);!o); (3)

wk =
�

1� e��(x(tk))(tk+1�tk)
�

exp

0
@�

k�1X

j=1

�(x(tj))(tj+1 � tj)

1
A :

In NeRF [29], the volume density � and outgoing radiance Lo are param-
eterized using a multi-layer perceptron (MLP). Follow-up work [6, 9, 33] relies
on optimizable grids or hash tables along with smaller neural networks. In both
cases, a function maps every position x and direction !o into the volume density
�(x) at that location and the outgoing radiance from it in the specified direction
Lo(x;!o). Together these give the radiance along the ray using Equation 3.

3.2 Physics-Based Monte Carlo Light Transport

We use ideas from physically-based rendering for combining incoming radiance
Li with a BRDF f to produce outgoing radiance Lo using the rendering equation:

Lo(x(t);!o) =

Z

Ω

f(x(t);!i;!o)Li(x;!i)(n � !i) d!i ; (4)

where 
 = f!i : n �!i > 0g is the positive hemisphere with respect to normal n.
Like the volume rendering integral in Equation 2, evaluating the rendering

equation analytically is, in general, intractable. Most approaches therefore use
Monte Carlo integration in order to approximate Equation 4. In particular, if we
randomly sample M incoming directions from some distribution p over incoming
directions, !(1)

i ; : : : ;!
(M)
i � p(!i), then we can construct an unbiased estimator:

L̂o(x(t);!o) =
1

M

MX

j=1

f
�

x(t);!
(j)
i ;!o

�
Li

�
x(t);!

(j)
i

��
n � !(j)

i

�.
p
�
!

(j)
i

�
; (5)

where performing optimization using the estimator in Equation 5 is, in expecta-
tion, equivalent to optimizing using Equation 4 [19].

We can now plug the Monte Carlo-based estimator in Equation 5 into the
volume rendering estimator of Equation 3 to arrive at the combined estimator:

L̂i(o;!o) =
NX

k=1

wk
M

MX

j=1

f
�

x(tk);!
(j;k)
i ;!o

�
L̂i

�
x(tk);!

(j;k)
i

��
n � !(j;k)

i

�.
p
�
!

(j;k)
i

�
(6)
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Fig. 2: Our pipeline for physically-based inverse rendering combines volume render-
ing with physically-based Monte Carlo rendering to recover geometry, materials, and
lighting. We �rst use an estimator (Equation 11) to approximate the volume rendering
integral (Equation 2) with only a single sample point per ray. Given this sample point,
we use a spatially-varying mixture-of-vMFs (Section 4.4) to importance-sample direc-
tions based on the distribution of incoming radiance. We then produce a low-variance
estimate of the rendering equation (Equation 4) using a NeRF as a radiance cache,
and a fast cache approximation of the NeRF (Equation 9) that is far less expensive to
evaluate.

Unfortunately, Equation 6 requires recursive evaluation of both the volume
rendering integral and the rendering equation, sinceL̂ i is now de�ned with re-
spect to itself. If one is not careful, the recursive nature of the rendering equation
can quickly lead to a rapid increase in computational cost.

To deal with this issue, we return to the discussion in Section 3.1. It is pos-
sible to de�ne a neural volume that directly predicts outgoing radiance, without
requiring recursive evaluation. In other words, we can replace the incoming ra-
diance L̂ i with the output of a neural radiance �eld L̂ cache

i , which relates the
incoming and outgoing radiance according to Equation 3. It is worth remarking
that for this to be useful, evaluating the radiance cacheL̂ cache

i for a given ray
should be cheaper than performing recursive path tracing.

4 Method

Our inverse rendering method is based on a volumetric rendering approach to
physically-based rendering, as described by Equation 6. However, naïvely using
the rendering model of Equation 6 is extremely expensive for two main reasons.
First, it requires volumetrically rendering the incoming radiance at every point
along the ray. Second, for every such point we need to use Monte Carlo inte-
gration, which typically requires many samples of incoming radiance. Our work
aims to resolve both issues without introducing bias in the process, which may
adversely a�ect the recovery of materials and lighting.

In this section, we present the design of our system. We begin by describing
the incoming radiance cache in Section 4.1, along with a novel �fast cache� ar-
chitecture that is cheap to evaluate. Designing this cache as a control variate for
incoming illumination allows us to use many incoming rays, which increases the
accuracy of our method without requiring signi�cant compute. In Section 4.2, we
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Fig. 3: An illustration of our two radiance cache architectures. (a) The NeRF-based
cache, which is accurate yet expensive to evaluate, uses proposal MLPs to predict sam-
ple point distances f tk g through an iterative resampling procedure. These distances
are then used to generate sample points at which we query density and outgoing radi-
ance. These quantities are combined to approximate the volume rendering integral via
quadrature 3. (b) Rather than predict sample point distances via proposal sampling,
our fast cache directly outputs distances f t0

k g as well as weights f w0
k g given incoming

ray parameters (x ; ! i ). The distances are used to generate sample points at which we
query features from an NGP grid. The resulting features are averaged together, and
then fed through a deferred shading MLP which predicts the �nal color for the incom-
ing ray. Though our illustration depicts four samples in both cases, the NeRF-based
cache (a) uses64 samples for the �rst two resampling rounds and 32 samples for the
�nal one, while our fast cache only uses 8 samples overall.

discuss our physically-based material representation. Finally, in Sections 4.3 and
4.4, we present our e�cient sampling schemes based on a simple unbiased estima-
tor for the volumetric rendering integral, and a novel optimizable occlusion-aware
spatially-varying importance sampling scheme.

4.1 Incoming Radiance Cache

Our incoming radiance cache is based on the architecture of Zip-NeRF [2], and
our appearance model is based on Ref-NeRF [42]. In particular, we borrow Zip-
NeRF's usage of a multi-resolution hash grid as a neural graphics primitive
(NGP) [33]. See Figure 3(a) for an illustration of the NeRF-based radiance cache,
and see a complete description of it in the supplement.

In order to increase the e�ciency of our method, we wish to use an accel-
erated cache for querying incoming radiance instead of relying on an expensive
NeRF-based cache which requires evaluating many samples per incoming ray.
We therefore design a �fast cache� and supervise it to match the incoming radi-
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ance of the expensive, NeRF-based cache. See Figure 3 for a diagram comparing
the two caches.

Our fast cache works by �rst passing the incident ray's origin and direction (x
and ! i ) through an optimizable function gsample , implemented as a low-resolution
hash-encoding followed by a small sample MLP. This sampling function returns
a set of sample point distances along the ray and their corresponding weights:

f t0
k ; w0

k gS
k=1 = gsample (x ; ! i ): (7)

Each distance t0
k corresponds to a new sample pointx0

k = x + t0
k ! i along the

incident ray. Each of these samples is passed through a separate low-resolution
NGP to yield a set of corresponding featuresf fk gS

k=1 , which are combined with
their corresponding normalized (via a softmax) weightsw0

k to yield a ray feature
vector which encodes the appearance of that ray. This feature is then decoded
into the incident radiance by using a small MLP, similar to the �deferred shading�
approach of Hedmanet al. [13]:

L̂ fast
i = MLP color

 
SX

k=1

w0
k fk

!

: (8)

Even for a small number of samples (we useS = 8 for all experiments), we �nd
that this design serves as an e�ective cache for incoming radiance that captures
high-frequency near-�eld illumination. See Figure 3 for an overview of the NeRF-
based and fast caches, as well as �gure 5 for an example of the output of the
fast cache. Our supplement contains more details about both models.

Instead of simply replacing the NeRF-based cache with our fast cache, we
combine the accuracy of the NeRF-based cache with the e�ciency of the fast
cache by treating the fast cache as a control variate [17,34] for incoming radiance.
In order to do this, we sample two sets of incident directions using an importance
sampling distribution p (to be introduced in Section 4.4):M0 samplesf ! 0( j )

i gM 0

j =1 ,

and M � M0 additional independent samplesf ! ( j )
i gM

j =1 . We then use theM0 �rst

samples to evaluate the fast cachêL fast
i (x ; ! i ) via Equation 8, and the other M

samples to evaluate the error between the NeRF-based cachêL NeRF
i (x ; ! i ) and

the fast cache. We then add the two estimates to arrive at an unbiased estimator
for the outgoing radiance:

L̂ fast
o =

1
M0

M 0
X

j =1

f
�

x ; ! 0( j )
i ; ! o

�
L̂ fast

i

�
x ; ! 0( j )

i

��
n � ! 0( j )

i

�.
p
�

! 0( j )
i

�
;

� L̂ o =
1
M

MX

j =1

f
�
x ; ! ( j )

i ; ! o

��
L̂ NeRF

i

�
x ; ! ( j )

i

�
� L̂ fast

i

�
x ; ! ( j )

i

���
n � ! ( j )

i

�.
p
�
! ( j )

i

�
;

L̂ o = L̂ fast
o + � L̂ o : (9)

Note that this requires M evaluations of the NeRF-based cache andM + M 0

evaluations of the fast cache. Given su�ciently accurate cache (see Section 5 for
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an example) that is indeed cheap to evaluate, this process results in the quality of
using M0 incoming rays from the accurate NeRF-based cache, by only requiring
a fraction of the computation.

On top of the two caches, we also have an explicit model for far-�eld illumi-
nation based on an MLP, L̂ env

i (! i ) = MLP env (! i ), which is multiplied by the
transparency of the ray 1 �

P N
k=1 wk and added to the radiance of the cache.

4.2 Material Representation

Like Ref-NeRF [42], we extract analytic normals using the negative gradient of
the density �eld, and leverage �predicted normals� output by the NGP, which
are tied to the analytic normals using an L2 loss. Our material model is based
on the Disney-GGX BRDF [5], which is combined with the predicted normals
to obtain the radiance value as in Equation 4. The spatially-varying parameters
of the BRDF model are output by a separate NGP,gmaterial :

�
m(x); r (x); a(x)

�
= gmaterial (x) ; (10)

where m is metalness,r is roughness, anda is albedo.

4.3 E�cient Gradients for Volume Rendering

Evaluating the volume rendering integral using the quadrature technique in
Equation 3 means querying the appearance and geometry of the volume atN
sample point locations per ray, each of which requires Monte Carlo integration.
However, this can be accelerated considerably by replacing the sum with a Monte
Carlo estimate along the ray usingK � N samples [11]. We drawK indices from
a categorical distribution j 1; : : : ; j K � Cat(w1; : : : ; wN ), and replace Equation 3
with:

L̂ i (o; ! o) =
1
K

KX

k=1

L o(x(t j k ); ! o) : (11)

The estimator of Equation 11 is unbiased,i.e., its expected value equals the
quadrature value of Equation 3. While this still requires querying volume density
for N points, we only need to evaluate the costly physically-based appearance at
K points. Furthermore, if the render weight distribution has a single peak (often
the case in practice), then this estimator has low variance, even forK = 1 .

4.4 Low-Variance Gradients for Monte Carlo Rendering

The unbiased estimator in Equation 11 reduces the number of secondary ray
samples fromN � M to K � M. However, a large number of secondary raysK � M
may be necessary for convergence, but may be prohibitively expensive. We reduce
the number of samples by leveraging occlusion-aware importance sampler.
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Fig. 4: An illustration of our occlusion-aware impor-
tance sampler. We use an NGP to predict the param-
eters of a mixture of vMFs distribution for each point
in space (Equation 12), which can produce di�erent
lobes for di�erent light sources. Because the param-
eters of these distributions are spatially-varying , if a
light source is occluded from the perspective of one
surface point, then the model can �turn o�� the lobe
for that light source.

Importance sampling for incoming radiance is common technique in physically-
based forward rendering and inverse rendering. Here, we aim to build a lightweight
importance sampler that is capable of approximating the true distribution of
incoming radiance, including occlusions, from both direct and indirect light
sources. For this purpose, we use an NGP to map a pointx into a set of 5L
scalars representing the parametersf � 0

` ; � ` ; � ` gL
` =1 which parameterize a mix-

ture of von Mises-Fisher (vMF) distributions as:

q(! ; x) =
1
Z

LX

` =1

� ` (x) vMF( ! ; � ` (x); � ` (x)) ; with � ` (x) =
� 0

` (x) � x
k� 0

` (x) � xk
; (12)

where Z =
P L

` =1 � ` (x) is the partition function used for normalizing q, and
the coe�cients f � ` gL

` =1 and f � ` gL
` =1 are nonnegative numbers representing the

mixture weights and vMF concentration parameters respectively.
The parameterization of the meansf � 0

` g
L
` =1 in Equation 12 is designed so that

a single vMF lobe can be assigned to the location of single (direct or indirect)
light source in 3D, which is then projected onto the sphere.

We optimize the parameters describing the distribution q at every location to
match the true distribution of incoming radiance, taking occlusions into account.
Concretely, we use the same importance sampling scheme used for evaluating the
rendering integral in Equation 5, to minimize the loss:

L vMF =
1
M

MX

j =1






 Z � q

�
! ( j )

i ; x
�

� �L
�

x ; ! ( j )
i

� 




 2

.
p
�

! ( j )
i

�
; (13)

where p is a distribution used to generate the samplesf ! ( j )
i gM

j =1 (as well as
the M0 cheap cache samples used in Section 4.1), which is based the mixture
distribution q and a standard material-based importance sampling distribution
(see supplement for more details), and�L (x; ! i ) = kL̂ NeRF

i (x ; ! i )k2 is the L2
norm of the incident radiance, taken across channels.

5 Experiments

Below, we provide implementation details of our approach, and describe how we
validate it on both synthetic and real inverse rendering benchmarks.
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Camera View NeRF Cache Fast Cache vMFs

Fig. 5: (left) We choose two points on the hotdog for which to visualize distributions
of incoming radiance. (right) We show (a) incoming radiance from the NeRF cache,
which is high quality but slow to evaluate, (b) incoming radiance from the fast cache,
which is slightly lower quality but fast to evaluate, and (c) the probability density
of the spatially-varying mixture of vMFs, which is able to capture occlusions in the
incoming radiance distribution.

Fast Cache & vMFs vMFs Neither

Fig. 6: We demonstrate the impact of both of our variance reduction strategies by
showcasing a rendering using 16spp from theHotdog scene in the TensoIR-synthetic
dataset. (Left) We use both the fast cache and vMF importance sampler, (Middle) we
use only vMF importance sampler, (Right) we use neither strategy.

5.1 Implementation Details

Model Parameters. Our NGP parameters for volumetric density closely follow
those of Zip-NeRF [2]. We do proposal resampling with two additional NGPs
with maximum resolutions of 1024 and 512, both of which, as well as the �nal
density NGP, use of 2-layer 64-hidden-unit MLPs before emitting density. The
material NGP as well as another NGP used for di�use appearance in the cache
(see supplement for more details) each has a maximum grid resolution of 2048
and a 2-layer 64-hidden-unit MLP. For the fast cache discussed in Section 4.1, we
use an NGP of maximum resolution 256 with a 4-layer 128-hidden-unit MLP to
predict S = 8 sample-point distances, and a maximum NGP of resolution 256 to
predict features. For the incoming radiance importance sampler in Section 4.4,
we use 128 vMF lobes, NGP with a maximum resolution of 2048, and a 2-layer
64-hidden-unit MLP. The hash maps of all NGPs have size219.

Regularization. We implement a smoothness regularizerL BRDF for BRDF
parameters. In particular, we use a variant of TensoIR's smoothness regularizer,
with an L1 rather than an L2 loss (see the supplement for more details). We also
enforce a lossL consistency that encourages the specular color and di�use color
from the NeRF cache to match the specular and di�use lobes from physically-
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Fig. 7: A visualization of ground-truth albedo and relighting for the hotdog (left) and
�cus (right, cropped) scenes in the Blender dataset [29], alongside our and TensoIR's
results. Our method better decouples strong indirect illumination from the albedo (see
the lip of the plate) while also reproducing more accurate highlights.

based rendering. Thisindirectly provides gradients through the physically-based
model for volume rendering. We further apply the anti-aliased inter-level loss
L interlevel from Zip-NeRF to the proposal grids, and L1 regularization to the
parameters of all density grids with a lossL density .

Additional Details. We perform two-stage optimization by (1) �rst optimizing
the NeRF cache and an initial estimate of geometry to match a scene's input
color images, and (2) optimizing geometry, materials, fast cache, and importance
sampler through Equation 1. For the second stage, we use anL2 loss with the
gradient trick [10], in order to ensure that our gradients for inverse rendering
are unbiased. We leverage the same secondary rays that are used in rendering
the physically-based model to supervise the fast cache and importance sampler.
We do not apply full stop-gradients to any part of the pipeline, so that in the
second stage geometry optimization can bene�t from re�ection and shading cues
using the more accurate physically-based model of appearance. Altogether, we
have the following:

L reg = L normals + L BRDF + L consistency + L interlevel + L density (14)

All training and evaluation is carried out using a single NVIDIA A100 GPU.

5.2 Results on Synthetic Data

We �rst evaluate our approach on the TensoIR-synthetic dataset, which contains
four scenes:armadillo, �cus , hotdog, and lego. Each scene consists of a set of 100
training views and 200 test views containing ground truth normals and albedo, as
well as ground truth color under several di�erent lighting conditions. We evaluate
(a) the quality of our recovered normals, (b) the quality of our recovered albedo
maps, (c) novel view synthesis quality for the physically-based model, and (d)
relighting quality. Our method outperforms baselines in terms of albedo quality
and relighting, while performing comparably to the best method for novel view
synthesis. See Table 5, Figure 7, and the supplement for visualizations.
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