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Abstract. The rendering equation, as a high-dimensional recursive in-
tegral equation, requires recursive expansion and Monte Carlo sampling
for its solution, which results in significant computational complexity.
Recently, the Neural Radiosity method has been proposed to solve the
rendering equation using neural networks, effectively circumventing the
need for explicit recursion. However, Neural Radiosity relies on Monte
Carlo integration for training, which necessitates a large number of sam-
ples for optimization, leading to unstable optimization and a relatively
low convergence rate. In this paper, we propose an Importance Sam-
pling Guided Neural Radiosity framework, which systematically inte-
grates Neural Radiosity with importance sampling to improve optimiza-
tion performance. Firstly, we propose a joint optimization strategy that
simultaneously trains the importance sampling module and the Neural
Radiosity module. Specifically, our importance sampling module predicts
the distribution to effectively enhance the optimization of Neural Ra-
diosity, while the importance sampling module can also achieve rapid
convergence through the radiance estimated by Neural Radiosity. Subse-
quently, we propose an Improved Kullback-Leibler divergence to mitigate
the gradient conflict problem in standard KL divergence, thereby further
improving convergence performance. Extensive experiments demonstrate
that our framework achieves rapid convergence and stable optimization
while maintaining high-quality rendering performance. The project code
will be released upon acceptance.

Keywords: Rendering · Ray-tracing · Neural Rendering,Importance Sam-
pling, Neural Networks.

1 Introduction

Solving the rendering equation [18] is a fundamental problem in computer graph-
ics, involving the minimization of the discrepancy between the representation
of the radiance function and the rendering equation, which is commonly ad-
dressed using radiosity approaches. Traditional radiosity approaches typically
adapt the radiance function representation dynamically during the optimiza-
tion process, including progressive meshing [1,21], wavelet radiosity [7], and
hierarchical meshless basis functions [20], which often suffer from high storage
demands and intensive computation. A noteworthy follow-up is Neural Radios-
ity [8], which employs neural networks as functional representations to solve the
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Fig. 1. We propose a novel Importance Sampling Guided Neural Radiosity framework
that ensures fast convergence and stable optimization of Neural Radiosity. Our method
achieves faster and more stable convergence while maintaining high-quality rendering
performance. More results can be seen in the accompanying video. All reference results
are rendered with path tracing, using 32,768 samples per pixel for images and 1,024
samples per pixel for videos.

rendering equation, thereby enabling expressive modeling of high-dimensional
functions and efficient gradient-based optimization.

Neural Radiosity aims to solve the rendering equation by directly minimizing
the norm of its residual L(α):

L(α) =
∥∥∥∥Lα(x, ωo)− (Le(x, ωo) +

∫
f(x, ωo, ωi)Lα(x

′,−ωi)dω
⊥
i )

∥∥∥∥2
2

, (1)

where Lα(x, ωo) is a neural network that represents the radiance function and
is parameterized by α, the remaining term corresponds to the rendering equa-
tion, which is typically approximated using Monte Carlo (MC) integration. Con-
sequently, Neural Radiosity inevitably inherits the limitations of Monte Carlo
methods, including unstable optimization and relative low convergence rate.

While Monte Carlo (MC) integration provides an unbiased estimate for com-
plex integrals, it suffers from high variance, often necessitating a large number
of samples for accurate results. In practice, various techniques have been devel-
oped to reduce variance and improve efficiency, such as antithetic sampling [36],
quasi-random sampling, and importance sampling [17]. In this work, we focus on
the concept of importance sampling and propose employing it to guide the op-
timization of Neural Radiosity. Importance sampling is commonly used in path
guiding [33] to improve the efficiency and robustness of path tracing through
the acquisition of improved sampling distributions that guide path construc-
tion. Similarly, we employ importance sampling to model an approximation of
spatio-directional sampling distribution, which is naturally compatible with the
continuous representation in Neural Radiosity. The challenges are twofold. The
first is to jointly optimize the importance sampling block and the Neural Radios-
ity block. Naively training the importance sampling and Neural Radiosity blocks
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iteratively only leads to reduced training efficiency. The second challenge is the
efficient optimization of the importance sampling block. Only rapid and stable
optimization of the importance sampling block can ensure fast convergence and
stable optimization of Neural Radiosity.

To address the aforementioned challenges, we propose an Importance Sam-
pling Guided Neural Radiosity framework, which combines the strengths of Neu-
ral Radiosity and importance sampling to achieve fast convergence and stable
optimization, while ensuring high rendering quality. Firstly, we propose a joint
optimization strategy that simultaneously trains the importance sampling mod-
ule (I-Module) and the Neural Radiosity module (N-Module) using stochastic
gradient descent. Specifically, the I-Module is trained based on the radiance
function approximated by the N-Module using a single-bounce estimation. The
N-Module is optimized guided by the spatio-directional sampling distribution
approximated by the I-Module. Here, we use a stop-gradient operator between
the N-Module and I-Module to ensure computational efficiency in automatic
differentiation. Secondly, to further improve the convergence rate, we propose
an Improved Kullback-Leibler (IKL) divergence loss to mitigate the gradient
conflict problem during I-Module optimization. Specifically, we observe that the
negative component of the KL divergence between the target and optimized dis-
tributions is detrimental to optimizing their divergence. Thus, we propose an
IKL divergence, whose gradient is defined as the sum of the absolute values of
the positive and negative components of the KL divergence. This formulation
mitigates the gradient conflict problem while retaining the influence of gradient
magnitude. To the best of our knowledge, this is the first attempt to integrate a
learnable importance distribution with Neural Radiosity. Extensive experiments
demonstrate that our Importance Sampling Guided Neural Radiosity achieves
state-of-the-art performance even with fewer training samples and iterations,
achieving fast convergence and stable optimization.

– We present an Importance Sampling Guided Neural Radiosity framework
that jointly optimizes the importance sampling module and the Neural Ra-
diosity module, achieving both efficiency and effectiveness.

– We propose an Improved Kullback-Leibler (IKL) divergence loss to mitigate
the gradient conflict problem and further improve the convergence rate.

2 Related Work

2.1 Radiosity Techniques

The early radiosity method [6] was based on the finite element method, by di-
viding the scene into discrete surface patches and simulating light transport
by computing energy exchanges between these patches under the assumption
of Lambertian reflection. Subsequently, Immel et al. [13] and Sillion et al. [29]
extend radiosity to accommodate surfaces with general Bidirectional Scattering
Distribution Functions (BSDFs). Hanrahan et al. [9] propose a rapid hierarchi-
cal radiosity algorithm to improve computational efficiency. Zatz [35] apply the
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Galerkin method from finite element analysis to radiosity, using high-order poly-
nomial basis functions to represent radiosity over surface regions, improving both
accuracy and compactness. To accommodate complex scenes, various methods
[1,21,7,20] propose a variety of basis functions for representing the solution to
the rendering equation. However, these methods are associated with high storage
requirements and significant computational cost.

Recently, Dahm et al. [3] observe structural similarities between reinforce-
ment learning and light transport simulation, and thus use reinforcement learn-
ing to progressively learn the origins of light. Later, Hadadan et al. [8] present
neural radiosity, which employs neural networks to approximate the solution to
the rendering equation. To accommodate dynamic scenes, Coomans et al. [2]
propose a real-time capable spatio-temporal cache to approximate a dynamic
light field. Su et al. [30] propose high-dimensional grid-based features to encode
dynamic scenes, which are able to handle dynamic scenes while maintaining only
a moderate increase in computational and storage overhead. Our work aims to
further improve the efficiency and effectiveness of neural radiosity for faster con-
vergence and more stable optimization, guided by importance sampling.

2.2 Importance Sampling

Importance sampling is a popular sampling technique used to improve the effi-
ciency of Monte Carlo (MC) integration [32], which enhances the convergence
of MC integration by reducing variance [11]. Importance sampling has been
commonly used in path guiding. This is because relying solely on BSDF-based
sampling is insufficient for effectively handling complex scenes, which leads to
a relatively high variance in the Monte Carlo (MC) estimator. Path guiding
[16,19,34,28] estimates the distribution of incident radiance using previous sam-
ples and facilitates subsequent sampling. Recently, Müller et al. [25] and Dong
et al. [5] propose the use of neural networks to approximate the importance sam-
pling distribution, achieving both compactness and efficiency in representation.
Our approach is similar to path guiding in that we both use neural networks
to approximate the importance sampling distribution; however, we aim to ap-
proximate the distribution to stabilize the neural radiosity and train the neural
network using only a single-bounce estimation.

2.3 Implicit Neural Representation

Implicit neural representation has achieved remarkable success in NeRF [22] for
novel view synthesis, which uses multilayer perceptrons (MLPs) to encode radi-
ance fields and render images via differentiable volume rendering. Subsequently,
neural representations have been widely adopted and applied to a variety of
tasks. For example, Diolatzis et al. [4] propose a neural renderer that enables
direct control over parameters for global illumination and supports interactive in-
ference. Müller et al. [26] propose a neural radiance caching method that employs
neural networks to cache radiance for real-time global illumination rendering. In
addition, a key factor in their success is the use of positional encoding, which
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enhances the neural network’s ability to represent high-frequency details [31],
which has been widely adopted in various fields, including neural radiosity [8].

3 Preliminary

3.1 Monte Carlo Integration

The formalization of light transport is based on the rendering equation [18]:

Lo(x, ωo) = Le(x, ωo) +

∫
H
fs(x, ωo, ωi)Li(x, ωi)dω

⊥
i , (2)

where Lo denotes the outgoing radiance, Le denotes the emitted radiance, Li

denotes the incident radiance and fs denotes the bidirectional reflectance distri-
bution function (BSDF), which are conditioned on position x, the direction of
incidence ωi and the outgoing direction ωo. In addition, the integral is evaluated
over the hemisphere H, and dω⊥

i = cos θdωi, where θ denotes the angle between
ωi and the surface normal.

Monte Carlo integration is used to obtain an estimate of the scattered integral
Ls by averaging multiple samples:

⟨Lr(x, ωo)⟩ = Eωi∼p(ωi|x,ωo)

[
fs(x, ωo, ωi)Li(x, ωi) cos θ

p(ωi | x, ωo)

]
, (3)

where ⟨Lr(x, ωo)⟩ is an unbiased estimate of the scattered radiance Ls(x, ωo), and
ωi denotes the incident direction sampled from the directional probability dis-
tribution p(ωi|x, ωo). The variance of the Monte Carlo estimator V [⟨Lr(x, ωo)⟩]
can be reduced if the sampling distribution p(ωi|x, ωo) closely matches the shape
of the integrand; it can even reach zero if p ∝ fsLi cos θ. However, achieving this
with predefined distributions such as the BSDF is challenging, as the incident
radiance is unknown, which leads to a relatively high variance of the Monte Carlo
estimator.

3.2 Neural Radiosity

The goal of Neural Radiosity [8] is to compute solutions to the rendering equa-
tion. Specifically, Neural Radiosity learns a radiance function Lα(x, ω), which is
represented by a neural networks with parameters α. Here, the residual of the
rendering equation is minimized to optimize the network parameters α,

rα(x, ωo) =Lα(x, ωo)− Le(x, ωo)

−
∫
H
fs(x, ωo, ωi)Lα(x

′(x, ωi),−ωi)dω
⊥
i ,

(4)

where Lα(x
′(x, ωi),−ωi) represents the incident radiance at position x from the

incident direction ωi, it is equivalent to the outgoing radiance in the direction
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−ωi at position x′, which is the intersection of a ray originating from x along
ωi. The loss function of Neural Radiosity is defined as the norm of the residual:

LNR(α) = ∥rα(x, ωo)∥22 =

∫
M

∫
H
rα(x, ωo)

2dωodx, (5)

where the result is performed over all scene surfaces M and the hemisphere H.

3.3 Importance Sampling

Importance sampling aims to develop a more effective sampling strategy for MC
integration to improve efficiency. Radiance-based path guiding methods [5,12]
typically use previous radiance estimates to approximate the incident radiance
distribution for subsequent sampling. The objective is to learn a distribution
q(ωi|x, ωo) that approximates the target distribution p(ωi|x, ωo). In the most
general setting, q(ωi|x, ωo) is considered to be proportional to the product of all
terms in the integrand of the rendering equation,

qγ(ωi|x, ωo) = fs(x, ωo, ωi)Li(x, ωi) cos θF
−1, (6)

where F−1 =
∫
H Li(x, ωi)fs(x, ωo, ωi)cosθdωi is the normalization factor, and qγ

is the distribution function defined by the parameters γ. During optimization, a
common approach is to minimize the Kullback–Leibler (KL) divergence between
the target distribution p(ωi) and the learned distribution qγ(ωi),

LKL(p||q; γ) =
∫
H
p(ωi) log

p(ωi)

qγ(ωi)
dωi. (7)

4 Method

We develop an Importance Sampling Guided Neural Radiosity framework that
takes advantage of importance sampling to achieve fast convergence and sta-
ble optimization for Neural Radiosity. An overview of our framework is shown
in Fig. ?????????2. First, we propose a joint optimization strategy that simul-
taneously trains the Importance Sampling module (I-Module) and the Neural
Radiosity module (N-Module) (Sec. 4.1). The I-Module learns the incident radi-
ance distribution through the outputs of the N-Module, while the N-Module is
optimized using the sampling distribution approximated by the I-Module. Next,
we propose an Improved Kullback-Leibler (IKL) divergence to further enhance
the convergence rate, which mitigates the gradient conflict problem during I-
Module optimization (Sec. 4.2).

4.1 Joint Optimization of I-Module and N-Module

Our goal is to solve the rendering equation efficiently and effectively by achiev-
ing fast convergence and stable optimization of Neural Radiosity. The rendering
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Fig. 2. Overview of the proposed Importance Sampling Guided Neural Radiosity
framework. We introduce a joint optimization strategy that simultaneously trains the
importance sampling module (I-Module) and the Neural Radiosity module (N-Module)
using stochastic gradient descent. Here, the I-Module is trained based on the radiance
function approximated by the N-Module, and the N-Module is optimized under the
guidance of the importance sampling distribution approximated by the I-Module. In
addition, an Improved Kullback-Leibler (IKL) divergence loss LIKL is proposed to en-
hance the convergence rate.

equation is a high-dimensional, recursive integral equation that presents two
main computational challenges: the recursive expansion of light transport and
the numerical evaluation of integrals. Neural radiosity effectively addresses the
recursive expansion by self-training; however, the sampling strategy employed for
MC integration remains inefficient. Importance sampling develops an approxi-
mate sampling distribution for effective MC integration but requires a large num-
ber of computationally expensive recursive path-traced samples. Therefore, we
propose the joint optimization of the Importance Sampling module (I-Module)
and the Neural Radiosity module (N-Module), thereby combining the advantages
of both modules. In our optimization stage, we also introduce the stop-gradient
operator between the N-Module and I-Module to ensure computational efficiency
in automatic differentiation. In addition, the stop-gradient prevents abnormal
gradients in one module from affecting the optimization of the other. Since each
new iteration incorporates the updated outputs from the other module, the neg-
ative impact of the stop-gradient on optimization is effectively mitigated.

Specifically, the N-Module predicts the scattered radiance Lα(x, ωo) with
learned parameters α, and its MC estimation is guided by the sampling distri-
bution learned by the I-Module. The I-Module learns the sampling distribution
qγ(ωi|x, ωo) with learned parameters γ for the MC estimation, which is informed
by the radiance estimates provided by the N-Module.

N-Module Optimization The objective of the N-Module is to predict the
scattered radiance Lα(x, ωo). We propose to minimize the residual norm LNR(α)
as described in Eq. 5, and the desired solution is,

α∗ = argmin
α

LNR(α). (8)
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Here, the residual norm is estimated using MC integration, and gradients of
the radiance field are computed using automatic differentiation. Due to the self-
learning approach used to optimize the network, the neural network appears
twice in the gradient computation. Following Coomans et al. [2], we stop the
gradient flow of the incident radiance estimates to achieve better performance,

rα(x, ωo) =Lα(x, ωo)− Le(x, ωo)

−
∫
H
fs(x, ωo, ωi)sg(Lα(x

′(x, ωi),−ωi))dω
⊥
i ,

(9)

where sg(·) denotes the stop-gradient operator, which treats Lα(x
′,−ωi) as a

constant with respect to backpropagation.
MC Estimation. The MC estimate of the residual norm LNR(α) is given by

LNR(α) ≈
1

M

M∑
m=1

rα (xm, ωm
o )

2

pM(xm, ωm
o )

, (10)

where M is the number of samples, and the surface positions xm and outgoing
directions ωm

o are sampled according to the probability density pM(xm, ωm
o ).

Here, we employ uniform sampling in our experiments. And the integrator term
of rα (xm, ωm

o ) is computed as,

Int{rα(x, ωo)} =Eωi∼q

[
fs(x, ωo, ωi)Li(x, ωi)cosθ

q(ωi | γ)

]
≈ 1

N

N∑
n=1

fs(x, ωo, ωi)Lα(x
′(x, ωi),−ωi) cos θ

qγ(ωi|x, ωo)
.

(11)

Here, the incident direction ωi is sampled according to the distribution qγ(ωi|x, ωo).
Gradients. The gradient of the residual rα (xm, ωm

o ) is estimated by evaluat-
ing the hemispherical integral using MC integration,

∇αrα(x
m, ωm

o ) = Lα(x
m, ωm

o )

− 1

N

N∑
n=1

fs(x
m, ωm

o , ωm,n
i )sg(Lα(x

′(xm, ωm,n
i ),−ωm,n

i )) cos θ

sg(qγ(ωi|x, ωo))
.

(12)

Here, ωm,n
i , n ∈ 1, · · · , N , represents a set of N incident direction samples

(xm, ωm
o ). The operator sg(qγ(ωi|x, ωo)) is employed to eliminate the influence

of gradients on the I-Module.

I-Module Optimization In Neural Radiosity, the integrator term of the resid-
ual is estimated by sampling from the local BSDF distribution, which is ineffi-
cient and struggles to sample directions that contribute significantly to the radi-
ance estimate. The objective of the I-Module is to learn a distribution q(ωi|x, ωo)
that approximates the target distribution p(ωi|x, ωo) for importance sampling of
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the scattering direction. The Kullback–Leibler (KL) divergence between p(ωi)
and qγ(ωi) is minimized to obtain the optimal parameters γ,

γ∗ = argmin
γ

LKL(p|q; γ). (13)

Von Mises-Fisher Mixtures. We use the von Mises-Fisher (vMF) distribution
[14] as the basis function of qγ(ωi), which is defined as,

υ(ω|µ, κ) = κ

2π(1− exp(−2κ))
exp(κ(µTω − 1)), (14)

where υ ∈ S2 and κ ∈ [0,+∞) define the mean direction and sharpness of the
vMF distribution. The vMF distribution possesses strong expressive power with
fewer parameters, and supports efficient sampling and computation. The vMF
mixture model (VMM) with K vMF components is defined to represent qγ(ωi).

q(ω|γ) =
K∑
s=1

λsυ(ω | µs, κs), (15)

where (λs, µs, κs) ∈ γ are the parameters of each vMF component. The I-Module
learns the parameters γ, which define the sampling distribution.

Kullback–Leibler Divergence. As recalled in Eq. 6, the objective is to ensure
that q(ωi|x, ωo) is proportional to the full product of all terms in the integrand
of the rendering equation, i.e., qγ(ωi|x, ωo) ∝ fs(x, ωo, ωi)Li(x, ωi)| cos θ|. Given
the considerable challenge, most research has focused on the simpler setting
where qγ(ωi|x, ωo) ∝ Li(x, ωi) [3,24,5], and only a few attempts [10,25] have
been made to consider the full product. However, all of these approaches ig-
nore the normalization factor F , since F is unknown. In contrast, within our
framework, the normalization factor F can be readily computed from the N-
Module. Accordingly, we define the ideal target distribution as p(ωi|x, ωo) =
fs(x, ωo, ωi)Li(x, ωi)| cos θ|F−1, i.e., the normalized form of the integrand, which
minimizes the variance of Monte Carlo sampling. The Kullback–Leibler (KL) di-
vergence, as defined in Eq. 7, can then be estimated using a MC estimator with
N samples.

LKL(p||q; γ) ≈
1

N

N∑
n=1

p(ωn
i )

p̃γ(ωn
i )

log
p(ωn

i )

qγ(ωn
i )

, (16)

where p̃ is a combination of the BSDF importance sampling and the learned
sampling distribution.

Gradients. By taking the derivative with respect to γ, we obtain the MC
estimate of the gradient,

∇γLKL(p(x
m, ωi)||qγ(xm, ωi) =

−
N∑

n=1

sg(Lα(x
′(xm, ωm,n

i )),−ωm,n
i )∇γqγ(ω

n
i )F

−1

q̂γ(ωn
i )qγ(ω

n
i )

.
(17)

The operator sg(Lα(·)) is employed to eliminate the influence of gradients on
the N-Module.
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Discussion Our approach to the joint optimization of the I-Module and N-
Module has three distinct advantages. First, this allows us to obtain the normal-
ization factor F , which is computed from the scattered radiance predicted by
the N-Module. Taking the normalization factor F into account results in more
accurate optimization. The second advantage is that our I-Module training only
requires one ray-tracing step per sampled point to gather the predicted scat-
tered emittance at each intersected point, which is different from path-guided
methods that require a large number of recursive path-traced samples. Lastly, our
approach achieves fast convergence and stable optimization of the N-Module. By
being guided by the importance sampling distribution learned by the I-Module,
the N-Module is able to efficiently generate samples.

4.2 Improved KL-divergence

Observation. Our approach relies on gradient descent to optimize the model
parameters, where the magnitude of the gradient reflects the convergence rate.
However, the negative contributions of the integrand in the KL divergence weaken
the effectiveness of gradient descent, a phenomenon we refer to as gradient
conflict. Specifically, as stated in Eq. 7, the integrand of the KL divergence,
IKL = p(ωi) log

p(ωi)
qγ(ωi)

dωi, is not guaranteed to be non-negative everywhere.
During Monte Carlo (MC) estimation, it is possible to sample points where the
integrand is negative, i.e., IKL(ω|γ) < 0, and after the parameters are optimized
via gradient backpropagation (γ → γ′), the value of the integrand at these points
may decrease further, i.e., IKL(ω|γ′) < IKL(ω|γ) < 0. This indicates that the
optimization step moves in a direction that increases the local KL divergence,
which contradicts the overall objective of minimizing the global KL divergence.
Therefore, we propose an Improved Kullback-Leibler (IKL) by taking the abso-
lute value into the integrand component:

LIKL(p||q; γ) =
∫
H
p(ωi)abs(log

p(ωi)

qγ(ωi)
)dωi. (18)

Interpretation. The KL divergence is guaranteed to be non-negative due to
the convexity of the logarithm function, as established by Jensen’s inequality.
The KL divergence can be decomposed as DKL = Dp>q + Dp≤q, where Dp>q

and Dp≤q denote the positive and negative contributions of the integrand,

Dp>q =

∫
Ω

p(ω) log
p(ω)

q(ω)
1p>qdω,

Dp≤q =

∫
Ω

p(ω) log
p(ω)

q(ω)
1p≤qdω,

(19)

where 1(·) denotes the indicator function, which evaluates to 1 if the condition
inside the parentheses is true, and 0 otherwise. The KL divergence equals zero
if and only if p = q. In this case, both Dp>q and Dp≤q are zero. Conversely, if
Dp>q = Dp≤q = 0, it follows that p = q, and thus the KL divergence is zero.
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Therefore, DKL = 0 is equivalent to Dp>q = Dp≤q = 0, which is also equivalent
to DIKL = 0.

We use LIKL as the loss function to optimize the I-Module. Compared to
the KL divergence LKL, the integrand of LIKL is strictly non-negative, which
ensures that LIKL ≥ LIKL ≥ 0. This property demonstrates better convergence
compared to the KL divergence. It should be noted that in our approach, we can
obtain an accurate estimation of p(ωi) guided by the N-Module, which allows us
to compute 1p>q precisely.

The gradient of LIKL is computed using the MC estimator as,

∇γLIKL(p(x
m, ωi)||qγ(xm, ωi) =

−
N∑

n=1

sg(Lα(x
′(xm, ωm,n

i )),−ωm,n
i )∇γqγ(ω

n
i )F

−1

q̂γ(ωn
i )qγ(ω

n
i )

(2 · 1p>q − 1),
(20)

where p(ωi|x, ωo) = fs(x, ωo, ωi)Lα(x, ωi)| cos θ|F−1, and qγ(ωi) is the predicted
by the I-Module.

4.3 Implementation

Our framework is implemented using the Mitsuba 3 renderer [15]. The neural
network is implemented using PyTorch [27]. We employ a learning rate of 0.005
using the Adam optimizer for training. All experiments are conducted on an
Intel Core i7-14700 CPU and a single NVIDIA RTX 4090 GPU.

N-Module. In our experiments, the N-Module consists of four linear layers,
each with a width of 512 and a ReLU activation function. The N-Module takes as
input the surface position x, the outgoing direction ωo, and auxiliary information
including the surface normal and albedo, and outputs the radiance as three non-
negative RGB values by applying the absolute value. In addition, we employ
trainable spatial encoding using a multi-resolution hash grid [23] to model spatial
features.

I-Module. The I-Module is composed of three linear layers, each with a width
of 64 and a ReLU activation function. The I-Module takes as input the surface
position x, the outgoing direction ωo, the surface normal n, and roughness ρ, and
outputs a set of parameters representing a vMF mixture distribution. Here, the
spatial position is also encoded by the trainable multi-resolution spatial embed-
ding to enable efficient training. The output of the I-Module is a 32-dimensional
vector that parameterizes a mixture of 8 vMF components to model the spa-
tial directional distribution for use as sampling distributions. The normalization
factor F is computed based on the luminance of radiance predicted by the N-
Module.

5 Experiments

5.1 Comparisons

We compare our method to Neural Radiosity [8]. For all experiments, images
are rendered at a resolution of 512 × 512, and image quality is evaluated using
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N = 4 Neural Radiosity Ours
Scene Step Time Memory MAPE ↓ MSE ↓ Step Time Memory MAPE ↓ MSE ↓

LivingRoom 27k 43m 1.74G 0.024 6.42e-4 27k 51m 1.76G 0.022 5.51e-4
Bedroom 21k 68m 2.03G 0.051 1.19e-2 21k 74m 2.07G 0.049 1.17e-2

ModernHall 25k 49m 2.00G 0.033 9.68e-4 25k 60m 2.07G 0.024 9.04e-4
WoodenStaircase 25k 157m 2.03G 0.040 1.34e-4 25k 162m 2.07G 0.038 1.33e-4

Bathroom 25k 131m 2.00G 0.181 4.68e-1 25k 154m 2.03G 0.153 4.53e-1
GrayandWhite 24k 75m 2.00G 0.053 1.76e-2 24k 79m 2.07G 0.045 1.68e-2

VeachDoor 30k 32m 1.74G 0.081 7.01e-2 30k 44m 1.76G 0.080 6.64e-2
VeachEgg 29k 48m 2.00G 0.031 2.602 29k 58m 2.03G 0.027 2.600

Table 1. Quantitative comparisons are conducted with the number of samples set to
N = 4. Our method achieves the best scores in both MAPE and MSE.

N = 32 NeuralRadiosity Ours
Scene Step Time Memory MAPE ↓ MSE ↓ Step Time Memory MAPE ↓ MSE ↓

LivingRoom 30k 84m 10.2G 0.018 3.75e-4 23k 73m 10.5G 0.019 4.68e-4
Bedroom 26k 106m 12.0G 0.046 1.13e-2 16k 72m 12.4G 0.049 1.16e-2

ModernHall 25k 83m 12.0G 0.023 9.17e-4 13k 46m 12.4G 0.028 8.94e-4
WoodenStaircase 24k 198m 12.0G 0.041 1.34e-3 15k 130m 12.4G 0.041 1.38e-3

Bathroom 20k 143m 12.0G 0.213 5.01e-1 11k 83m 12.3G 0.207 5.08e-1
GrayandWhite 24k 96m 12.0G 0.045 2.15e-2 15k 65m 12.4G 0.053 1.70e-2

VeachDoor 22k 52m 10.3G 0.063 1.48e-2 12k 33m 10.5G 0.067 1.39e-2
VeachEgg 30k 91m 12.0G 0.051 2.81e-2 14k 47m 12.3G 0.051 2.86e-2

Table 2. Quantitative comparisons on the number of samples N = 32. Our method
achieves comparable scores in terms of MAPE and MSE even with fewer iterations.

MAPE and MRSE. We evaluate the rendering results across 8 scenes for com-
parison. For a fair comparison, we keep the same training settings, including
batch size and grid resolution. To demonstrate the efficiency of our method, we
conducted experiments under two sampling settings: N = 4 and N = 32, where
N represents the number of samples of the incident direction.

The quantitative results are shown in Table 1 and Table 2. Our method
consistently achieves better efficiency and performance across all scenes. For
fewer training samples, our method shows a significant improvement in render-
ing quality in terms of MAPE and MRSE, which demonstrates the effectiveness
of importance sampling. As shown in Table 2, our method requires only half the
number of iterations to achieve rendering quality comparable to Neural Radios-
ity, demonstrating the faster and more stable convergence performance of our
method. The quantitative results are illustrated in a series of figures (see Figs. 4
and following), where we provide rendered images of our method and Neural
Radiosity at different iteration step, demonstrating that our method can ensure
rendering quality while achieving faster convergence performance.

We further compared the performance of our method and Neural Radiosity
under equal-time training conditions. We compare our method with Neural Ra-
diosity under the same number of samples and training duration, based on the
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training step setting of our method listed in Table 2. We compute the residual of
both methods. As defined in Eq. 5 a lower residual indicates a solution closer to
the true solution of the rendering equation. To reduce the impact of randomness,
we sampled 220 space-direction points per scene, and applied 210 Monte Carlo
samples per point. The final results are presented in Table 3. Experimental re-
sults show that under equal-time conditions, all results of our method, except
for the Living Room scene, consistently yield lower residuals. The anomaly ob-
served in the living room scene is mainly due to its relatively simple lighting
configuration, where the benefit from importance sampling is offset by the ad-
ditional training cost. Nevertheless, since our current implementation is built
upon Python and the PyTorch framework, the performance of the I-Module can
be further improved in future work.

Scene Living
Room

Bed
Room

Modern
Hall

Wooden
Staircase

Bath
Room

Gray and
White

Veach
Door

Veach
Egg

Neural Radiosity 9.521e−1 8.473e−3 2.010e−2 4.399e−3 4.669e−2 5.644e−2 8.932e−2 1.220e0
Ours(Equal Time) 9.597e−1 8.198e−3 2.007e−2 4.051e−3 3.968e−2 5.572e−2 8.717e−2 1.078e0
Ours(Equal Samples) 9.491e−1 7.998e−3 1.993e−2 3.941e−3 3.941e−2 5.321e−2 7.564e−2 1.024e0

Table 3. Equal-time and equal-sample comparisons. Although our method takes longer
per iteration than Neural Radiosity, it achieves better performance under the same
training time. Furthermore, when trained with the same number of samples, our method
shows a clear improvement over Neural Radiosity.

5.2 Performance

The performance of the I-Module is crucial for the training efficiency of the
N-Module. Our I-Module is extremely lightweight, incurring significantly lower
training and inference overhead compared to the N-Module. Here, we analyze
the training efficiency in comparison to Neural Radiosity. Due to the additional
computational load introduced by the I-Module, our method is approximately
10% slower per iteration than Neural Radiosity. However, because the sampling
distribution predicted by the I-Module enables the N-Module to learn the ra-
diance function more effectively, our method can achieve the desired rendering
quality using fewer training samples and iterations. This advantage becomes
more pronounced in scenes with complex illumination or multiple reflections. As
shown in our accompanying video, in challenging cases such as the Veacg Egg
scene, our method can more clearly reproduce the caustic patterns on the walls
caused by refraction and reflection through the glass egg.

5.3 Ablation Study

In this section, we study the effectiveness of each component in our method.
Specifically, we remove the following components and compare the resulting ab-
lated models to the full version: the importance sampling module (I-Module) and
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Ablation MAPE MSE
Iteration w/o I-Module w/o IKL Full w/o I-Module w/o IKL Full

4k 0.1133 0.2746 0.0609 0.0500 0.2887 0.0296
10K 0.0855 0.1077 0.0554 0.0309 0.0684 0.0322
20K 0.0579 0.0552 0.0524 0.0286 0.0281 0.0286
30K 0.0511 0.0511 0.0501 0.0281 0.0281 0.0280

Table 4. Ablation studies on the proposed I-Module and IKL divergence. The best
results are highlighted.

w\o I-Module w\o IKL Full

Fig. 3. We present the MAPE results during training. The curves demonstrate that
incorporating the I-Module leads to faster convergence, while our proposed IKL signif-
icantly improves training stability. The convergence plots correspond to the ablation
studies: w/o the I-Module, w/o the IKL, and the full model. Left: the convergence
plots. Right: error map at step 5000.

the Improved KL-divergence (IKL). We perform ablation studies on the Veach
Egg scene and evaluate the rendering results at various training iterations.

Effects of the I-Module. In fact, vanilla Neural Radiosity corresponds to our
model without the I-Module. As shown in Table 4 and Fig. 3, the absence of the I-
Module leads to a decrease in performance and results in a significant reduction
in quality at the same number of training iterations. By incorporating the I-
Module, our model achieves faster and more stable convergence performance.

Effects of the IKL. We demonstrate the effectiveness of the IKL divergence
by replacing it with the standard KL divergence. As demonstrated in Table
4 and Fig. 3, our IKL exhibits faster convergence compared to the standard
KL divergence. Due to the instability during the early stages of training, the
standard KL divergence fails to effectively guide the distribution. In contrast,
our proposed IKL yields more stable convergence of the guiding distribution,
thereby enabling more effective importance sampling.

6 Conclusion

We propose the Importance Sampling Guided Neural Radiosity framework, which
efficiently combines Neural Radiosity with importance sampling to achieve rapid
convergence and stable optimization. Firstly, we propose a joint optimization
strategy that simultaneously trains the importance sampling module and the
Neural Radiosity module, effectively leveraging the strengths of both modules
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while compensating for their respective weaknesses. Subsequently, we propose an
Improved Kullback-Leibler (IKL) divergence loss to further enhance the conver-
gence rate. Since our framework can provide an accurate distribution p(ωi), we
are able to effectively eliminate the negative contributions in the KL divergence.
Experimental results demonstrate that our method surpasses Neural Radiosity
in both efficiency and effectiveness.

Limitation. Our work has several limitations. First, our approach relies on
Neural Radiosity, and therefore inherently inherits its limitation of being un-
suitable for dynamic lighting. Future work could explore importance sampling
strategies in higher-dimensional spaces to potentially overcome this limitation.
Second, although Neural Radiosity has demonstrated promising results in mod-
eling diffuse, specular, and certain glossy effects, it still struggles to accurately
capture high-frequency glossy reflections. Identifying a more suitable function
space that better approximates the solution to the rendering equation remains
an important direction for future research. We aim to address this challenge in
future work. Finally, our method facilitates the learning of the radiance function
by providing higher-quality samples to the neural network. However, from an
optimization perspective, the training process still relies on first-order optimiza-
tion methods. Future work could explore more efficient optimization frameworks
from a mathematical standpoint.
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Fig. 4. Qualitative comparisons of our approach(N = 32) with Neural Radiosity on
Bed Room, Gray and White and Veach Egg scenes. Our method produces high-quality
rendering results. For the diagram, the blue boxes indicate comparisons under the same
number of iterations (measured in steps), while the red boxes correspond to compar-
isons under equal-time conditions (measured minutes). Zooming in is recommended
for better visualization. An accompanying video is provided for dynamic qualitative
comparisons.
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Fig. 5. Qualitative comparisons of our approach(N = 32) with Neural Radiosity on
Modern Hall, Wooden Staircase and Veach Room scenes. Our method produces high-
quality rendering results. For the diagram, the blue boxes indicate comparisons under
the same number of iterations (measured in steps), while the red boxes correspond
to comparisons under equal-time conditions (measured minutes). Zooming in is rec-
ommended for better visualization. An accompanying video is provided for dynamic
qualitative comparisons.
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Fig. 6. Qualitative comparisons of our approach(N = 32) with Neural Radiosity on
Bath Room and Living Room scenes. Our method produces high-quality rendering re-
sults. For the diagram, the blue boxes indicate comparisons under the same number of
iterations (measured in steps), while the red boxes correspond to comparisons under
equal-time conditions (measured minutes). Zooming in is recommended for better vi-
sualization. An accompanying video is provided for dynamic qualitative comparisons.
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Fig. 7. Qualitative comparisons of our approach(N = 4) with Neural Radiosity on Bed
Room, Gray and White and Veach Egg scenes. Our method produces high-quality ren-
dering results. For the diagram, the blue boxes indicate comparisons under the same
number of iterations (measured in steps), while the red boxes correspond to compar-
isons under equal-time conditions (measured minutes). Zooming in is recommended
for better visualization. An accompanying video is provided for dynamic qualitative
comparisons.
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Fig. 8. Qualitative comparisons of our approach(N = 4) with Neural Radiosity on
Modern Hall, Wooden Staircase and Veach Room scenes. Our method produces high-
quality rendering results. For the diagram, the blue boxes indicate comparisons under
the same number of iterations (measured in steps), while the red boxes correspond
to comparisons under equal-time conditions (measured minutes). Zooming in is rec-
ommended for better visualization. An accompanying video is provided for dynamic
qualitative comparisons.



Importance Sampling Guided Neural Radiosity 23

Training Step 4K 10K 20K 30K
Reference(MAPE/MSE)

B
at

h 
R

oo
m

1.421e-1/11.51e-2 1.384e-1/1.009e-2 1.047e-1/6.872e-3 1.028e-2/5.908e-3

1.561e-1/1.547e-2 2.509e-1/2.584e-2 1.015e-1/5.914e-3 9.880e-2/5.288e-3

N
eural 

R
adiosity

O
urs

Reference(MAPE/MSE)

L
iv

in
g 

R
oo

m

8.261e-2/8.788e-3 6.281e-1/4.909e-3 4.770e-2/4.008e-3 4.210e-2/2.444e-3

1.018e-1/1.314e-2 7.471e-2/5.868e-3 5.041e-2/3.799e-3 3.951e-2/2.403e-3

N
eural 

R
adiosity

O
urs

N
eural 

R
adiosity

O
urs

N
eural 

R
adiosity

O
urs

Fig. 9. Qualitative comparisons of our approach(N = 4) with Neural Radiosity on
Bath Room and Living Room scenes. Our method produces high-quality rendering re-
sults. For the diagram, the blue boxes indicate comparisons under the same number of
iterations (measured in steps), while the red boxes correspond to comparisons under
equal-time conditions (measured minutes). Zooming in is recommended for better vi-
sualization. An accompanying video is provided for dynamic qualitative comparisons.
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