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Figure 1: Using our differentiable radiosity framework, we are able to tackle several inverse rendering tasks: emissivity estimation from
real-world photographs in order to perform synthetic object insertion (left), estimation of the position of a hidden object based on indirect
information like color cast (top right), and environment map estimation from renderings of an object (bottom right).

Abstract

Inverse rendering recovers the physical properties of a scene, such as materials and lighting, from images. Recent progress has

been driven by differentiable path-tracing methods. However, non-differentiable visibility and noisy estimates make the opti-

mization difficult. Instead, we explore an alternative approach based on radiosity, a classical rendering technique that models

global illumination as the solution of a linear system. Based on an antiradiance formulation that explicitly avoids visibility

computations, we present a novel differentiable radiosity renderer, derive the analytical gradients required for optimization,

and propose a general framework for inverse rendering. We also provide mathematical insights on the ill-posedness of our

problem. We compare our method to a state-of-the-art differentiable path-tracer, and demonstrate that our approach achieves

competitive or improved performance in terms of convergence and reconstruction quality.

CCS Concepts

• Computing methodologies → Rendering; Machine learning;

1. Introduction

Inverse rendering seeks to recover the physical properties of a
scene, such as materials, lighting, or geometry, from observed im-
ages. While forward rendering synthesizes images from a known

scene description, inverse rendering tackles the ill-posed problem
of inferring scene parameters that best explain the visual data. The
wide range of applications of inverse rendering includes scene re-
construction, relighting, and material digitization.
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This task has gained particular interest with the advent of differ-
entiable rendering techniques. Differentiable renderers are not only
capable of computing images given a scene description, but are also
able to produce gradients of a loss with respect to scene parame-
ters. They can then backward propagate image-based losses, and,
when integrated into a machine learning framework, recover scene
parameters to fit target renderings. Recently, differentiable path-
tracing has become a widely used standard in this domain, thanks
to its ability to handle complex light transport effects such as indi-
rect illumination and caustics.

We propose an alternative differentiable rendering approach
based on radiosity, a class of techniques that casts global illumi-
nation as the solution of a linear system via finite element dis-
cretization. Specifically, we build on the antiradiance algorithm,
which replaces visibility computation with iterative shadow propa-
gation, making the method inherently differentiable and addressing
two fundamental drawbacks of differentiable path-tracing: visibil-
ity discontinuities and stochastic noise from Monte Carlo estima-
tors. While radiosity has been known and studied for decades, to
the best of our knowledge it has never been integrated into a dif-
ferentiable rendering framework. In this work, we derive the re-
quired gradient formulae and propose both a theoretical analysis
and practical implementation insights. Contrary to many existing
inverse rendering methods, we propose a general physically-based
framework with few hypotheses on lighting conditions or scene pa-
rameters. Our results show better convergence and accuracy than
differentiable path-tracing, and highlight further desirable proper-
ties of our approach: computation time is practically independent of
the number of views, and the process is completely deterministic,
alleviating poor convergence due to noisy estimates.

To summarize, we make the following contributions:

• We propose a general framework for differentiable radiosity ren-
dering, along with an open-source implementation (code avail-
able in supplementary materials).

• We study the correctness of our method for inverse rendering,
and give physical and mathematical insights on the space of so-
lutions.

• We compare our method to a differentiable path-tracer in the
context of computer graphics applications.

2. Previous work

2.1. Radiosity algorithms

Radiosity algorithms are a class of techniques to solve the ren-
dering equation [Kaj86], which have been developed for several
decades. They use triangles from a mesh as a support for finite el-
ements, and model light exchanges between them in the form of
a linear system [GTGB84]. This seminal work led to a rich litera-
ture. Some methods were proposed to break the quadratic complex-
ity, for example, by using hierarchical structures to limit the num-
ber of light exchanges [SAG94, SDS95]. Another line of work im-
proved the estimation of form factors between triangles [SP89], es-
pecially with the use of hemicubes [CG85] that leveraged z-buffer
hardware for visibility tests. Other methods have been proposed
to use both radiosity and path-tracing to enhance the realism of
rendered images [WCG87]. For an extensive study of this domain,

we refer the readers to existing surveys, such as that of Cohen and
Wallace [CW93]. While radiosity methods have mostly been aban-
doned due to their stringent requirements on tessellation and the
simplicity of Monte Carlo path tracing, we instead bring radiosity
back to light for its amenability to noise-free differentiation. Our
implementation revives the antiradiance framework introduced by
Dachsbacher et al. [DSDD07]. They present an alternative formula-
tion of the radiosity linear system, replacing computationally heavy
(and non-differentiable) visibility tests with an additional light op-
erator. This operator iteratively propagates shadows using a virtual
quantity named antiradiance. They build upon negative light, which
approximates ambient occlusion and inter-reflection [Bun05], and
the rendering equation derived by Pellegrini [Pel99] where visi-
bility is substituted by negative light transmitted through surfaces.
Similarly to antiradiance, we are not restricted to diffuse scenes,
but we support moderately glossy materials.

Radiosity has previously been used for inverse rendering prob-
lems [YDMH99, Con02, ZCC16]. These methods achieve impres-
sive results, but are specialized in handling specific inverse ren-
dering problems: Zhang et al. develop a specialized method for
indoor scenes [ZCC16], Contensin focuses on user constraint for-
mulations [Con02], and Yu et al. assume explicitly measured ma-
terial [YDMH99]. However, in contrast to our method, these ap-
proaches do not use target differentiable rendering.

Existing approaches [FLZ∗25] already use inverse FEM for
differentiable simulation of radiative heat transfer, solving a for-
ward and adjoint linear system on a mesh discretization, which
is a theoretical framework closely related to ours. However, their
method targets thermal simulation and hybridizes FEM with GPU-
accelerated photon tracing to handle specular effects, whereas to
our knowledge our method is the first to apply inverse FEM in a
purely radiosity rendering context.

2.2. Differentiable rendering

Differentiable rendering refers to a category of rendering tech-
niques that are capable of providing gradients of image-based
losses with respect to scene parameters, notably for solving inverse
rendering problems. This domain is prolific, and we also refer the
interested reader to existing surveys [KBM∗20].

Previous works have proposed efficient implementations of dif-
ferentiable rasterization, like OpenDR [LB14], DIB-R [CGL∗19],
or the more recent nvdiffrast library [LHK∗20]. Although slower,
our method is able to account for global illumination, whereas these
methods are not. Recently, differentiable path-tracing has become
a standard for inverse rendering problems, especially in scenes
containing challenging light effects (e.g. indirect illumination or
caustics) [LADL18, ALKN19]. It is notably implemented in well-
known libraries such as Mitsuba [NDVZJ19] and Dr.Jit [JSRV22].
Differentiable path-tracing usually involves sophisticated methods
to handle discontinuities [LADL18, LHJ19, ZRJ23] or to reduce
variance [NRN∗23]. Although initially limited to simple optimiza-
tion setups, various efforts have been made to reduce memory and
time complexities. With Radiative Backpropagation (RB), Nimier-
David et al. [NDSRJ20] proposed to compute gradients by solv-
ing an adjoint transport equation (instead of using a very large
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computation graph for auto-differentation), dramatically reducing
memory requirements. Vicini et al. [VSJ21] improved this solu-
tion through Path Replay Backpropagation (PRB), and differenti-
ates the adjoint equation locally by replaying each sampled path
and applying reverse-mode differentiation along that path, achiev-
ing the same result in linear time and constant memory. Our method
shares a strong similarity with RB: we also compute gradients by
solving an adjoint transport equation in order to keep a tractable
memory complexity. Our method is however based on radiosity
instead of path-tracing. Several authors have proposed techniques
to improve inverse rendering in Mitsuba by post-processing gradi-
ents [CYB∗24] or specializing gradient-descent updates [NJJ21] at
the optimization step. Post-processing can in principle be applica-
ble beyond Mitsuba, though its effectiveness may vary depending
on the gradient structure of the underlying renderer. In our compar-
ison with Mitsuba, we do not include gradient post-processing.

Neural Radiosity methods [HCZ21, HZ22, HLN∗23] represent
the spatio-angular radiance distribution as a neural network, and
use the residual of the transport equation as a prior to train the
network and achieve global illumination. These approaches share
similarities with our work: we both propose differentiable construc-
tions of radiosity distributions specifically for inverse rendering
tasks. However, Neural Radiosity represents those distributions as
neural networks, whereas we develop a differentiable extension of
existing radiosity techniques. Moreover, Hadadan et al. build their
solution upon Mitsuba, and thus inherit the drawbacks of differen-
tiable path-tracing and Monte-Carlo estimators.

Jiang et al. [JSL∗25] recently proposed a differentiable method
based on radiosity dedicated to scenes represented by semi-
transparent Gaussian surfels. In order to achieve this, they resort
to Monte-Carlo estimation to solve the light transport, thus scaling
to the many surfels required to model these scenes. In our approach,
we base our analysis on a deterministic radiosity formulation, and
propose mathematical insights for our method. We apply our frame-
work to different inverse rendering tasks (like non-line-of-sight po-
sition optimization), and compare to differentiable path-tracing.

Finally, radiance fields have attracted significant attention in the
past few years. Instead of reconstructing the scene as a mesh with
physical attributes, the scene is represented as a spatio-angular
field. This can be done implicitly, as in NeRF [MST∗20], or explic-
itly, as in 3D Gaussian Splatting [KKLD23]. Such representations
are trained using specialized differentiable renderers and typically
rely on a volumetric formulation, where only a radiance field is op-
timized. Our method, on the other hand, is based on a surface-based
representation, and models light bounces in order to correctly take
indirect light effects into account.

2.3. Intrinsic decomposition and inverse rendering

Another line of work related to our applications is the problem of
intrinsic decomposition. This problem attempts to separate mate-
rial parameters (e.g., albedo, roughness, metallicity...) and light-
ing, which is known to be an ambiguous task. Most often, this
is performed on 2D photographs [BKPB17], but the lack of 3D
information makes occlusion and interreflections more difficult to
model [CRA11]. Leveraging a better 3D representation allows the

user to edit 3D scenes, e.g., render them with different materials or
under different lighting conditions.

Seitz et al. [SMK05] and Bai et al. [BCNR10] formalize inverse
rendering as a dual counterpart of forward light transport, showing
how to cancel individual contributions of different light bounces
(namely to distinguish direct lighting from interreflections). Com-
pared to our method, these approaches also use a dual formulation
of light propagation, but do not use differentiable rendering, and do
not target geometry optimization.

Differentiable renderers can recover scene parameters via opti-
mization, and are thus suited to the intrinsic decomposition prob-
lem. Since the problem is ill-posed, this usually requires some form
of regularization or priors. In the domain of radiance fields, several
methods add physical attributes (such as material parameters) to the
representation, both for NeRFs [SDZ∗20, JLX∗24, YCB∗23] and
3D Gaussian Splatting [GGL∗23, SWW∗24]. These attributes are
optimized using the differentiable renderer and regularized losses
to help circumvent the ambiguity of the problem. Our physically-
based method instead uses an explicit mesh representation and han-
dles indirect illumination.

3. Our method

We provide a differentiable radiosity solver that can be used to op-
timize different parameters of scenes represented by meshes. Our
renderer produces view-dependent face color distributions, and a
simple rasterizer can be used afterward to generate images. A high-
level representation of our pipeline is given in Fig. 2.

For completeness, we first present the antiradiance algorithm in-
troduced by Dachsbacher et al. [DSDD07] in the next section.

3.1. The Antiradiance framework

As in standard radiosity, we use the mesh to discretize the solving
of light transport. To render view-dependent effects such as glossy
materials, a radiance distribution is associated to each triangle, dis-
cretizing both hemispheres into bins (Fig. 2). For solving the ren-
dering equation, we solve a system with N ·B ·Λ elements, where N

is the number of triangles, B the number of bins per triangle to rep-
resent radiance distributions, and Λ the number of spectral wave-
lengths. We use Λ = 3 in our implementation, but consider here the
case Λ = 1 for the sake of clarity.

In our discrete settings, we denote the vector of radiance dis-
tribution C†, the vector of emissivity distribution E and matrices
with bold letters. Vectors are of size N ·B× 1 while matrices are
N ·B×N ·B.

Definition of operators. In antiradiance [DSDD07], the render-
ing equation, with radiance IC, emissivity IE , BRDF f , form factor
G, on the scene S

IC(x,ωo) = IE(x,ωo)+
∫

y∈S
fx(x⃗y,ωo) IC(y, y⃗x)G(x,y)dy ,

† We denote C = L−A, the difference between unoccluded radiance and
antiradiance, with the notations of Dachsbacher et al. [DSDD07].

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.

Lowres version

Lowres version



4 of 14 G. Thévenon, D. Coeurjolly, J. Digne, N. Bonneel / Differentiable Radiosity for Inverse Rendering

Figure 2: General pipeline of our method. Black arrows represent forward flow, and red arrows represent gradient flow. Given a scene, the
differentiable radiosity renderer produces radiance distributions for each triangle. These distributions are then sampled, once per requested
viewpoint, to produce face colors (V colors per face, where V is the number of viewpoints), and final images are obtained by rasterization.

U

radiance
transport

K

reflection

J

antiradiance
generation

iteration 0 iteration 1 iteration 2

Figure 3: (left) Illustration of the three operators used in the antiradiance algorithm. The global transport operator U transports radiance (in
yellow) without occlusion, the local reflection operator K models the light-material interactions, and the local go-trough operator J generates
antiradiance (in red), effectively propagating negative light behind the surface. (right) At iteration 1, due to the lack of visibility computation,
the bottom surface incorrectly receives radiance from the one on top, as it should be occluded by the middle surface. At iteration 2, the
antiradiance generated by the middle surface compensates this unwanted radiance, and the bottom surface is correctly occluded.

is discretized into the following linear system:

C = E +(K−J)UC . (1)

It involves three operators, illustrated in Fig. 3 (left). The first ma-
trix U models energy exchange between any two triangles, without

accounting for occlusions, as described next. K is the local reflec-
tion operator, modeling the interaction between light and material.
J is the local go-through operator, responsible for the creation of
a virtual negative quantity, called antiradiance. While standard ra-
diosity formulations do not contain the J operator, the antiradiance
approach replaces heavy visibility computations with an iterative
shadow-propagation method, based on this additional operator J,
as illustrated in Fig. 3 (right).
Exiting radiance Incoming radiance

only below the surfacepositive
radiance

↑

↓
generated
antiradiance

n nωo
K, J

U ωi

si

Figure 4: Notations used for the radiance distributions. Subscript i

is used for "incoming", and o for "outgoing".

K can be expressed as a matrix indexed by 0 ≤ i, j < N ·B stack-

ing the triangle and bin indices. Such an index i (resp. j) can be
decomposed into i = Bit + ib (resp. j = B jt + jb), where it (resp.
jt ) is the triangle index and ib (resp. jb) the bin index. Then K(i, j)
is nonzero only if it = jt , hence K is a block-diagonal matrix. More
precisely:

K(i, j) =

{

fit (−ωib ,ω jb)sit ait ⟨ω jb ,nit ⟩ if it = jt
0 otherwise.

(2)

where fk, xk, ak and nk are the BRDF, barycenter position, area,
and normal to triangle k respectively. ωℓ is the direction of bin ℓ.
A similar formulation holds for operator J, which shares the same
block-diagonal structure:

J(i, j) =

{

ait if it = jt
0 otherwise.

(3)

Following the original approach [DSDD07], the local operators
produce intensities instead of radiances for convenience, and C thus
needs to be divided by the area and cosine factor to retrieve radi-
ances.

The global transport operator U models light transport from tri-
angle it to triangle jt by transferring light between a single pair
of bins. This pair of bins is determined by finding, for each hemi-
sphere, which bin is crossed by the line joining both faces. Using
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the same indexing as before:

U(i, j) =

{

0 if it = jt
1

∥xit −x jt ∥
2 max(⟨−ω jb ,n jt ⟩,0) otherwise . (4)

The resulting matrix is zero on the diagonal and nonnegative ev-
erywhere else. Note that matrices are not stored explicitly as they
are too dense and high-dimensional: their coefficients are instead
evaluated on the fly when they are used.

However, this sampling method introduces heavy discontinu-
ities. Instead of transferring light between a single pair of bins, we
use bilinear interpolation, both for sampling and outputting radi-
ance distributions. This yields the formula:

U(i, j) =
1

∥xit − x jt∥2 max
(

−x
(d)
ji .z,0

)

T̃
(

x
(d)
ji

)

T
(

x
(s)
ji

)⊤
, (5)

where T (ω) is the interpolation tensor in a local direction ω (for a
fixed bin discretization), T̃ is T divided by the solid angles of the

discretization, x
(s)
ji is the normalized direction between triangles it

and jt expressed in a frame local to the source triangle, and simi-

larly for x
(d)
ji and the destination triangle.

Solving the linear system. Denoting R=(K−J)U and ΓΓΓ= I−R,
we aim at solving:

C = ΓΓΓ
−1

E , (6)

which can be rewritten as:

C = ∑
k≥0

R
k
E . (7)

In standard radiosity, each term in the sum corresponds to a light
bounce, but this is not the case in the antiradiance framework due
to negative light propagation. In practice, the sum is computed
through Jacobi iterations:

C = E +R(E +R(E + . . .) . . .) , (8)

and is truncated to the desired precision.

These computations result in a discrete radiance distribution for
each triangle. Rendering images of the scene only amounts to sam-
pling these distributions while rasterizing triangles. We write this
with a sampling operator S, that samples the distributions for every
viewpoint, and depends on the camera and face positions:

C̄ = SC (9)

where, for a triangle i centered at xi and a camera c centered at xc,
we have:

S(i,c) = max

(

1

x
(s)
ci .z

,0

)

1
ai

T
(

x
(s)
ci

)

, (10)

where, as before, we note x
(s)
ci the normalized direction from trian-

gle i to camera c in a frame local to i.

As radiance values are precomputed, rendering new views is rel-
atively cheap (only one rasterization step per view), while standard
differentiable path-tracing needs to perform a new Monte Carlo
simulation for each view (see Fig. 14).

3.2. Differentiating antiradiance

To optimize a (column) vector parameter α = (α0, . . . ,αp)
⊤, one

typically provides a loss L := L(C̄) (e.g., the L2 norm between an
input and a rendered image), and performs a gradient descent or
other optimization technique, requiring ∇αL. A classical approach
would obtain gradients by automatic differentiation. However, stan-
dard reverse-mode differentiation may require intractable memory
usage. Instead, we provide closed-form expressions that do not re-
quire any matrix or tensor storage.

This tractability stems from a key structural property of the anti-
radiance formulation: in standard radiosity, the visibility term cou-
ples each pair of elements to the rest of the scene geometry, intro-
ducing discontinuities that make derivative computations more dif-
ficult. In antiradiance, by contrast, the transport between any pair of
triangles is computed independently of all other triangles: visibility
is handled implicitly through iterated shadow propagation, so each
operator can be differentiated directly and in closed form.

Applying the chain rule, ∇αL is computed as:

∇αL=

[

∂C̄i

∂α j

]⊤

∇C̄L , (11)

with
[

∂C̄i

∂α j

]

the Jacobian matrix of C̄, that we will simply denote

∂C̄
∂α

. We assume ∇C̄L is obtained using a differentiable rasterizer,
and focus on the remaining terms. Using Equation 9, we already
have ∇CL = S⊤∇C̄L. We validate our gradients using finite dif-
ferences, as illustrated in supplementary materials, Appendix E.

Emissivity. Since C is linear with the emissivity E (see Eq. 6),
Eq. 11 applied to α = E amounts to:

∇EL= (ΓΓΓ⊤)−1∇CL . (12)

We thus need to solve a transposed light transport problem. This
system can be solved by Jacobi iterations, analogously to Eq. 7:

∇EL= ∑
k≥0

(R⊤)k ∇CL (13)

involving transposed operators:

R
⊤ = U

⊤(K⊤−J
⊤) (14)

The required memory for gradient computation does not depend
on the number of light bounces (Fig. 14) as operators are evaluated
on the fly. Note that this feature is inherent to our method, con-
trary to differentiable path-tracing (which needs special methods
like PRB [VSJ21] to circumvent this issue).

Material parameters. We also compute gradients with respect
to the material parameters, denoted θ hereafter, and thus consider
α = θ. Only the reflection operator K depends on θ, differentiating
Eq. 1 and using the general formula differentiating matrix inverses
∂ΓΓΓ−1

∂θ
=−ΓΓΓ−1 ∂ΓΓΓ

∂θ
ΓΓΓ−1 leads to:

∂C

∂θ
= ΓΓΓ

−1 ∂K

∂θ
UΓΓΓ

−1
E = ΓΓΓ

−1 ∂K

∂θ
UC . (15)
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We then compute the gradient using the chain rule and simplify to
obtain:

∇θL= (UC)⊤
∂K

∂θ

⊤

∇EL . (16)

To compute the gradients with respect to the material parameters,
we thus reuse C from the forward rendering pass, apply U to it,
compute ∇EL as described in Eq. 12, and then compute the inner

product of both using ∂K
∂θ

⊤
. We provide ∂K

∂θ
for parameters of the

Blinn-Phong BRDF in the supplementary materials (Appendix A).

Positions. Contrary to previous computations, we have to take the
sampling operator S into account when differentiating with respect
to positions. This leads to:

∇PL=C
⊤ ∂U

∂P

⊤(

K
⊤−J

⊤
)

∇EL + C
⊤ ∂S

∂P
∇C̄L (17)

The computations of ∂U
∂P

and ∂S
∂P

are more complex and can be
found in the supplementary materials (Appendix B).

Adjoint methods. With Equations 11, 12, 16, and 17, we can see
that our approach computes gradients using an adjoint method. In-
deed, similarly to Radiative Backpropagation [NDSRJ20], we com-
pute gradients by solving adjoint equations, which involve the par-
tial derivative of the radiances with respect to a trained parameter.
We can thus make a similar interpretation as Nimier-David et al.,
with a strong duality between the forward and backward passes:
the loss gradient is seen as a quantity which is emitted by faces in
the scene, scattered with successive bounces, and received by faces
with trained parameters. Forward rendering applies operators such
as R = (K− J)U to propagate radiance: it maps scene parameters
to the radiance distribution resulting from one light bounce. On the
other hand, the transposed operator R⊤ = U⊤(K⊤ − J⊤) trans-
ports sensitivities from receivers back to emitters, indicating how a
small change in trained parameters affects the loss. Another conse-
quence of the adjoint method for the backward pass is that gradient
accuracy depends on the number of backward bounces: in order for
the gradients to be accurate, both the forward and backward passes
need to simulate enough bounces to converge.

3.3. The light bounce ambiguity

In the experiments described in Sec. 4.2, we optimize an emissivity
distribution stored on triangles. In some cases, some parts of the
scene might not be visible in any image. In that case, we observed
that the optimization tends to converge to a distribution where the
emissivities of the triangles are equal to their radiances after the
first light bounce in the reference scene. In other words, there is an
ambiguity between the emissivity and the first bounce when light
sources are not visible. This effect was also observed with differen-
tiable path-tracing: Nimier-David et al. [NDDJK21] presented ex-
periments where scattered light is baked into trained emissivities.

We formalize this observation in the supplementary materials
(Appendix C), and show that we can describe the set of solutions as
a convex polytope P . Furthermore, we prove in Appendix D that P
is bounded, so it is equal to the convex combinations of its vertices.

In addition to this ambiguity, we explain why the optimization

tends to prefer convergence to such first-bounce emissivity solu-
tions. Indeed, we recall the expression of ∇EL:

∇EL=∇CL +R
T ∇CL +

(

R
T
)2

∇CL+ . . . (18)

∇CL is the dominant term in this formula: as in forward render-
ing, light bounces generally attenuate the magnitudes of radiances.
In other words, ∇EL will be mostly determined by the first term
∇CL. But by definition, ∇CL is given by the rasterizer, so it only
contains information about visible triangles. So, with this pipeline,
emissivity gradients will be nonzero primarily on visible triangles.
Therefore, these visible colors will naturally absorb color errors as
emissivity changes.

We propose a solution which effectively mitigates this effect by
modifying our rendering pipeline. If we know that light sources are
not visible, instead of computing the colors using C = ΓΓΓ−1E, we
add a light bounce: C = RΓΓΓ−1E. Upon convergence, applying R

again does not change the target radiance distribution on visible
triangles, but this has the effect of masking out the direct emission
term. Similarly to Eq. 8, we consider:

C = RE +R
2
E + . . . (19)

The corresponding backward pass can be written as:

∇EL= ∑
k≥1

(R⊤)k ∇CL . (20)

Because of the effect of removing unwanted emission terms, we
call this feature masking. In our experiments (see Fig. 13), we ob-
serve that when enabled, this allows the optimization to modify
significantly triangles that are not directly visible, bringing the con-
vergence closer to the ground truth emission.

3.4. Other regularizations

To account for the ill-posedness of the lighting estimation problem,
our image-based losses can be augmented with other regularization
terms.

Sparsity. Emissivity distributions are usually sparse, because there
is only a small fraction of triangles that act as light sources. This
motivates the use of an average L1 loss to enforce sparsity, activated
with an atan function:

L1(E) =
1
N

N

∑
i=1

atan(||Ei||1) (21)

Mono-chromaticity. If we assume that light sources are close to
white, we can use a light chromaticity prior (where norms are
padded with a small value to avoid numerical issues). Denoting Ei

the emissivity of triangle i:

Lm(E) =
1
N

N

∑
i=1

∥

∥

∥

∥

Ei − (1,1,1)⊤
∥Ei∥2√

3

∥

∥

∥

∥

2
. (22)

Total variation. We also want to constrain the emissivity distribu-
tion on the mesh to only have a few nonzero connected parts, and
to be constant in them. This can be enforced using a Total Variation
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GT envmap GT render Our method Mitsuba

Figure 5: Environment map training. The first column shows the ground truth environment map used to illuminate the scene. The second
column shows one of the reference images, rendered with our method. The third column shows the resulting environment map trained with
our method. The forth column shows the resulting maps with Mitsuba. All optimized environment maps are shown at convergence. In the
last row, a blender view of the scene is given on the left to help understand its composition. Note that the bottom half of the last Mitsuba
environment map remains untouched, while ours presents non-physical emissivity due to antiradiance slowly altering the environment map,
in the absence of information in this region.

GT envmap

diffuse roughconductor α = 0.5 p = 6 roughconductor α = 0.25 p = 30 conductor
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Figure 6: Environment map estimation at increasing surface specularity. We use 8 input images (one is shown here). We show the results for
four material models (one per column). The first one is a simple Lambertian model. The next two are rough conductors with a Beckmann
distribution controlled by the α roughness parameter for Mitsuba, or an equivalent Blinn-Phong model for our method (using a standard
correspondence between α and the specular power p). The last one is a perfect mirror surface, modeled by a conductor material for Mitsuba.
The environment map has a constant resolution of 3100 triangles (for our method) or 40x80 pixels (for Mitsuba). This highlights how surface
glossiness helps in recovering higher frequencies in the environment map texture.
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Figure 7: Synthetic scene for convergence study in Figures 11 and
13. Blender view of the scene without the roof (left) and two of the
training images of the scene (right).

(TV) loss:

LTV (E) =
1
A

∑
{F1,F2}

aF1 +aF2

2
∥EF1 −EF2∥1 , (23)

where the sum is indexed on the set of adjacent faces, aF is the area
of face F , and A is the sum of adjacent face areas.

4. Applications

We evaluate our inverse rendering method on several applications.
Sections 4.1 and 4.2 present experiments using our method to op-
timize emissivity distributions. We show that our method can opti-
mize environment maps or an emissivity distribution stored directly
on the triangles of the mesh. Finally, Sec. 4.3 presents joint material
parameters and emissivity optimization, with the downstream task
of scene editing and relighting. In the following applications, to
reduce the number of optimized variables, a single emissive color
is optimized per emissive triangle, which is spread over the dis-
cretized hemisphere of directions.

4.1. Environment map estimation

We aim at retrieving an environment map from renderings of a
scene, where the environment map is not directly visible. In order to
integrate it into our framework, we represent the environment map
as a tessellated sphere (3100 triangles in our experiments) of large
radius encompassing the scene. We directly optimize the emissiv-
ities of these triangles in logarithmic space. Unless specified oth-
erwise, the synthetic input images are generated with our renderer.
To generate these images, each triangle of the tessellated sphere
is given the radiance of a sampled HDR ground truth environment
map [Hav]. If we denote I = {Ik} the currently optimized images,
|Ik| their sizes, K the number of images, and Iin = {Iin

k } the in-
put images, we consider an average Euclidean distance as the loss
function without additional regularization:

L(I) :=
1
K

K

∑
k=1

1
|Ik|

∥Ik − I
in
k ∥2 . (24)

We use an Adam optimizer with a learning rate of 0.08 in all our
experiments.

PSNR↑ SSIM↑
Scene Ours Mitsuba Ours Mitsuba

Sphere 7.786 5.296 0.016 0.005
Blub 12.119 13.524 0.557 0.577

Bob 10.492 10.434 0.461 0.479

Cornell 9.592 6.734 0.780 0.761
Spot (diffuse) 14.419 12.958 0.615 0.602
Spot (α = 0.5) 17.059 13.382 0.625 0.607
Spot (α = 0.25) 18.254 14.396 0.630 0.614
Spot (conductor) 20.114 20.053 0.630 0.659

Table 1: Comparison table between the trained environment maps
(with our method and with Mitsuba) and the ground truth environ-
ment maps.

We compare our method to an equivalent optimization pipeline
in Mitsuba 3 [JSRV22]. For fair comparison, images used as in-
put for Mitsuba were also generated in Mitsuba, and the number of
pixels in the trained environment map is the same as the number
of its triangles with our method. For both our method and Mitsuba,
the optimized environment map is initialized to a uniform gray ra-
diance. We also use an Adam optimizer, with a learning rate of
0.0007 in all our experiments.

Results. Results are shown in Fig. 5 for diffuse objects and Fig. 6
for glossy objects. A result for a real scene is given in Figures 9
and 10, and shows that we can integrate virtual 3D objects (a bunny
and a monkey) in a photograph with consistent lighting. Quantita-
tive comparisons are given in Table 1, with PSNR and SSIM scores
computed between the ground truth environment maps and the op-
timized ones. Figure 5 shows that with diffuse materials, we can
only aim at reconstructing a low-frequency approximation. Still,
our method outperforms inverse path-tracing consistently. Fig. 6 il-
lustrates the influence of material glossiness, from completely dif-
fuse to perfect mirror, on the quality of the environment map re-
construction. As expected, the reconstruction quality increases with
material specularity for both methods. For a perfect mirror, how-
ever, we can see that Mitsuba achieves a sharper result, albeit nois-
ier. Both methods are limited by the resolution of the reconstructed
environment map, but our method is also limited by the resolution
of the mesh and by the number of hemispherical bins in our imple-
mentation. However, this experiment shows that this only becomes
limiting for highly specular materials.

4.2. Emissivity optimization

When light sources are part of the geometry of the scene, we opti-
mize the emissivity distribution over the triangles of the mesh di-
rectly instead of an environment map. It allows us to handle scene
were the light does not come from the environment, but from ob-
jects inside the scene. We apply our framework to retrieve emissiv-
ity distributions on a synthetic scene, where we compare our per-
formance to path-tracing, and on a real-world scene, as shown on
Fig. 10. We use a learning rate of 0.02 in our method, and 0.0003
with Mitsuba.
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Figure 8: Comparison of emissivity distributions convergence between our method and Mitsuba, with different mesh resolutions. For each
resolution, each cluster of triangles shares the same set of variables. The coarsest resolution, res 0, contains 4 clusters. The second one, res 1

contains 80 clusters, and res 2 is the finest resolution and each triangle is optimized independently (around 7.5k triangles). The first column
visualizes clusters with false colors. The next columns show the results of the optimization at the beginning, after 20min of optimization, 1h
and 3h. We show the rendered image from one of the training viewpoint, and a visualization of the error from the same viewpoint, with a
logarithmic scale. One of the eight input images is shown in the last row, along with the errors of the trained distributions with respect to the
ground truth distribution. Images in the first column show the patch segmentation in false colors for each resolution.
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Figure 9: Trained environment map on a real scene. The geometry was reconstructed using Colmap [SF16] using around 50 photographs (24
are shown here). Two lights are used to illuminated the scene: a yellow-white, and a magenta light, which appear on the resulting environment
map.

Emissivity estimation Object insertion

Figure 10: Trained emissivity distribution on a real scene. The geometry was reconstructed using Colmap [SF16] using 13 photographs. Two
phones are used to light the scene (one white, and one red), and are included in the geometry of the scene. The emissivity distribution is
trained on the whole mesh. Note that geometry reconstruction is inexact, and can lead to small errors in the optimized emissivity distribution.

Impact of the mesh resolution. In Fig. 8, we study the speed of
convergence and the accuracy with respect to the number of vari-
ables. We decompose a Cornell Box into groups of triangles known
to have the same material by clustering them by geodesic distance.
We then optimize per-cluster emissivity. In this set of experiments,
we only use the image-based loss. We use a learning rate of 0.02
with our method, and 0.0003 with Mitsuba. As expected, conver-
gence is faster with a smaller number of clusters, because there
are fewer variables to optimize. We can see that the Mitsuba-based
optimization converges significantly slower than our optimization,
independently of the number of variables. On the images, it appears
that this is due to the stochastic nature of Mitsuba’s optimization,
with noisy estimates slowing down convergence. On the other hand,

increasing the learning rate degrades the quality of the solution.
This experiment highlights the stability of our method compared to
differentiable path-tracing.

Impact of the masking feature and regularizations. We assess
our masking feature (Sec. 3.3) to account for invisible light sources,
on a synthetic scene represented in Fig. 7, in which the light source
is hidden from the camera.

From input images, we try to recover the emissivity distribution,
even though the light source is not visible, and the materials are
diffuse. We run the optimization with and without the modification
presented in section 3.3, as well as with and without the regulariza-
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Figure 11: Our method is able to perform joint estimation of albedo and emissivity. For the right scene, we used regularization (λ,λm) =
(1,0.1) to disambiguate the solution.

tion losses of Sec. 3.4. The total loss with regularizations is:

Lreg(I,E) := λL(I)+λ1L1(E)+λmLm(E)+λTVLTV (E) (25)

with (λ,λ1,λm,λTV ) = (10.0,0.5,0.001,0.03).

Results are shown in Fig. 13. Since this problem is ambiguous
and the space of solutions is high-dimensional (Sec. 3.3), we do
not aim at converging exactly to the ground truth solution. Instead,
we show that without masking, the optimization is stuck in a sub-
set of incorrect solutions, but enabling it allows one to reach so-
lutions that are much closer to the ground truth. Without masking,
we can see that only visible triangles become emissive during the
optimization, as described in Sec. 3.3: the optimization converges
to a distribution close to the first light bounce in the scene. How-
ever, with masking enabled, hidden triangles are able to become
emissive. The additional regularization terms further improve the
solution.

4.3. Joint optimization of material and emissivity

Then, we use our method to address a more difficult problem:
the joint estimation of emissivity and material parameters (here,
albedo) which is known to be a highly ambiguous problem. In this
section, we also group triangles into clusters known to have the
same parameters, and optimize only one emissivity and one albedo
color per cluster. We only use an image-based loss, without reg-
ularization. Results for two scenes are shown in Fig. 11. On the
second scene, we also used our masking feature, in order to show
its behavior when jointly optimizing materials and lighting. We can
see that our method converges to the correct distribution, even with
important indirect lighting effects.

4.4. Position gradients

Finally, we also show that our method is capable of providing gra-
dients with respect to positions, as detailed in Section 3.2. As ge-
ometry optimization is a difficult task which requires special care
and optimization techniques in inverse rendering [NJJ21], we re-
strict ourselves to the simpler task of optimizing the position of
an object in a scene, in order to highlight the contribution of our
differentiable pipeline without any additional optimization compo-
nent. In these experiments, we optimize the position of an object by
comparing one image of the scene to a ground truth image, in order
to recover the position of this object used in the reference image.
However, in order to showcase the stability of our method, the ob-
ject is not directly visible from the camera: the gradients only come
from indirect information, like colors cast on the walls.

5. Implementation and performance

Implementation. We implemented our method using CUDA 12.6
kernels to compute forward and backward passes, with a PyTorch
[PGM∗19] binding wrapping them as a custom operator. At the
end of the optimization pipeline, we use PyTorch3D [RRN∗20]
as our differentiable rasterizer (except in Section 4.4, where nvd-
iffrast [LHK∗20] is used). The complete rendering pipeline is com-
patible with PyTorch, and we use the Adam [KB14] optimizer. In
order to train emissivity and albedo distributions with Mitsuba, we
used its face attribute feature. All of our time and memory ex-
periments were run on a personal computer with a NVIDIA Tesla
V100. The number of bins per triangle controls the directional res-
olution of our light simulation. In all of our experiments, we used
130 bins per hemisphere, linearly dividing the angular domain. In
our experiments with Mitsuba, we also use the Adam [KB14] op-
timizer, and the Path Replay Backpropagation integrator [VSJ21].
We use 5 samples per pixel during the optimization.
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Initial Reference Final

Figure 12: Optimizing the position of a bunny shape in the scene
by applying our method to a single view. The optimization of the
position can be seen on the top image, with the initial position in
blue, final position in green, and trained position with the yellow
path. The position of the camera is also shown. In the top-right
corner, the landscape of the image loss is shown (at z=0), alongside
with the optimized translation. In the bottom row, the initial, final,
and reference renderings used to train the position are shown (500
iterations, around one hour on our machine).

Execution time. We show that our method has little time depen-
dence in the number of input images for a given scene, unlike Mit-
suba. As expected, we can see in Fig. 14-(left) that Mitsuba ex-
hibits a linear time dependence in the number of images to render,
because it has to simulate light transport independently for every
render. On the other hand, the execution time of our method only
marginally depends on the number of images to render because the
light simulation is done only once, and only a fast rasterization step
has to be performed for every image.

In the supplementary materials, we study the memory usage and
speed of our method, in Appendix F. It illustrates numerically the
expected behavior of our method: at a fixed directional resolution
(130 bins per hemisphere in our case), the VRAM usage of our
method is linear in the mesh size (around 1.8GB for every 50k tri-
angles). Time complexity, however, remains quadratic. This could
be mitigated with acceleration techniques like hierarchical radios-
ity [SAG94, SDS95] but we leave this implementation for future
work.

6. Discussion and conclusion

In this article, we present a novel differentiable rendering approach
based on radiosity algorithms. This method, complementary to in-
verse path-tracing, addresses the fundamental drawback of noisy
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Figure 13: Illustration of our masking strategy to retrieve invisible
light sources. As shown on Fig. 7, in this scene, the light source is
the white pole that we can see here, but which is invisible on the
input images. Except for the image of the albedo (on top right), the
images in this figure show emissivity norms. The first row shows
the ground truth emissivity and albedo. The second row shows the
optimized emissivity distribution with our masking feature (and
with or without regularization losses), and the third gives the op-
timized emissivity distribution without our masking feature. On
these results, we can see that without masking, the optimization is
unable to assign high emissivities to invisible triangles. This prob-
lem is mitigated with our masking feature, and regularization can
guide the optimization towards a reasonable solution.

Figure 14: Comparison of the total execution time (in seconds) for
our method (blue) and Mitsuba (orange) with respect to the num-
ber of images to render. Times were measured on the spot scene
with three light bounces, Mitsuba uses the PRB integrator, and the
number of spp for Mitsuba (128) is chosen so that both methods
have approximately the same execution time for the first point of
the plot.
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Monte Carlo estimates. We show that our method generally outper-
forms differentiable path-tracing on several inverse rendering tasks.
Our approach inherits some limitations specific to radiosity algo-
rithms: the computation time strongly depends on the discretization
of the scene. Reaching higher frequencies requires finer resolution,
both for the triangle mesh and for the discretization of the hemi-
sphere, which impacts hard shadows and highly specular materials.
Additionally, radiosity approaches are less suited for advanced il-
lumination phenomena, like caustics or subsurface scattering.

In the future, our implementation would benefit from efficient
radiosity techniques (like clustering or hierarchical models, higher
order finite elements or interpolation schemes), and from more so-
phisticated material models which remain out of the scope of this
paper. In addition, it would be interesting to apply our antiradiance
model to shape optimization.
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