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Figure 1: Overview of rendering dynamic objects in a static scene using our Neural Irradiance Volume. Left: The irradiance field of the scene
is visualized through three orthogonal slices of its volume. Center: A lightweight neural model compresses the 5D irradiance field for the
whole scene’s volume. By querying the model with position and normal buffers as input, indirect diffuse illumination is computed at real-
time rates. Right: The model’s output is efficiently utilized to compute high-quality diffuse global illumination, not only on static surfaces
but also on novel dynamic objects—such as the Dragon and Armadillo above—which are effectively immersed in the neural irradiance
volume. Optionally, the model can be trained with changing scene parameters, obtaining non-static irradiance fields.

Abstract

Rendering diffuse global illumination in real-time is often approximated by pre-computing and storing irradiance in a 3D
grid of probes. As long as most of the scene remains static, probes approximate irradiance for all surfaces immersed in the
irradiance volume, including novel dynamic objects. This approach, however, suffers from aliasing artifacts and high memory
consumption. We propose Neural Irradiance Volume (NIV), a neural-based technique that allows accurate real-time render-
ing of diffuse global illumination via a compact pre-computed model, overcoming the limitations of traditional probe-based
methods, such as the expensive memory footprint, aliasing artifacts, and scene-specific heuristics. The key insight is that neural
compression creates an adaptive and amortized representation of irradiance, circumventing the cubic scaling of grid-based
methods. Our superior memory-scaling improves quality by at least 10x at the same memory budget, and enables a straight-
forward representation of higher-dimensional irradiance fields, allowing rendering of time-varying or dynamic effects without
requiring additional computation at runtime. Unlike other neural rendering techniques, our method works within strict real-
time constraints, providing fast inference (around 1 ms per frame on consumer GPUs at full HD resolution), reduced memory
usage (1-5 MB for medium-sized scenes), and only requires a G-buffer as input, without expensive ray tracing or denoising.
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Direct Illumination

+ Ours (NIV)

Figure 2: In many scenes, indirect lighting contributes the major-
ity of visible radiance. By caching indirect lighting using an irra-
diance volume—such as our neural irradiance volume—the signif-
icant cost of Monte Carlo integration at runtime can be avoided.

1. Introduction

Rendering moving objects within static scenes is a common re-
quirement in real-time applications, where characters and animated
entities interact with predefined environments. However, comput-
ing global illumination at high frame rates remains challenging due
to the non-local and computationally expensive nature of indirect
lighting.

A common solution in practice is to “bake” the illumination of
the static scene into a grid of light probes, forming an irradiance
volume that can be queried efficiently at runtime to shade unseen
objects. Probe-based irradiance volumes have long constituted the
de facto standard for global illumination in video games, valued
for their simplicity and runtime efficiency. While not physically
accurate, their rendered effects are visually convincing for all prac-
tical real-time applications. However, probe-based methods are not
without limitations: placement and density must typically be de-
termined using scene-specific heuristics, and interpolation between
probes can introduce noticeable artifacts. Moreover, because the
representation is inherently low-frequency, probes struggle to cap-
ture fine-scale details such as contact shadows or subtle irradiance
variations. To achieve high-frequency lighting effects, the density
of the probe grid needs to be significantly increased, which quickly
becomes intractable due to their cubic scaling.

Beyond classical probes, recent neural methods have
also demonstrated how neural models can acceler-
ate rendering by caching radiative quantities on sur-
faces [HCZ21,RWG*13, CDD*24, SDR*24, DPD22]. While
these methods achieve impressive fidelity, they are generally
unsuitable for real-time applications involving dynamic objects
unseen during training, as pre-computation only accounts for
known scene surfaces. Similarly, neural caches have been em-
ployed to amortize real-time path tracing costs through online
learning [MRNK?21], but the reliance on expensive steps such
as denoising and ray tracing makes them impractical under the
strict runtime budgets of real-time applications. However, as
support for neural operations becomes increasingly widespread
and performant, reframing real-time rendering problems with

neural solutions allows them to benefit from the acceleration
of tensor hardware performance. In this work, we propose a
Neural Irradiance Volume (NIV), which evolves the concept of
irradiance volumes by leveraging recent neural advances to deliver
high-quality, real-time indirect diffuse illumination at low memory,
for both dynamic objects and static surfaces. NIV is inspired
by the foundational work on irradiance volumes [GSHGOS],
adopting the same assumptions common in practical applica-
tions [BB*17, SSS*20]. Namely, the scene is considered mainly
static at runtime, while dynamic elements—such as characters or
interactive entities—are relatively small and do not significantly
impact global light propagation.

Our method retains many of the runtime advantages of classi-
cal probes while enabling the superior shading quality and memory
use of neural methods. Unlike probe-based methods, our approach
is heuristic-free, relying instead on backpropagation to directly op-
timize for reconstruction quality. We tackle the cubic scaling of
irradiance volumes by encoding the irradiance field in a compact
neural model, achieving stronger compression without sacrificing
high-frequency details. Unlike neural methods, we compute a pre-
integrated and volumetric quantity, which permits noise-free shad-
ing of dynamic objects, without the use of ray tracing or denoising.

Our contributions are the following:

e A precomputation scheme that bakes path tracing quality irradi-
ance without requiring per-scene heuristics, with the ability to
shade unseen moving objects.

e An order of magnitude lower rendering cost compared to state-
of-the-art neural rendering methods.

e A compact representation for irradiance fields that, at a fixed
memory budget, improves quality by an order of magnitude over
competing real-time volumetric approaches.

e The ability to extend our method to non-static irradiance fields,
which is a common application, e.g. a time-of-day cycle.

2. Related Work

Traditional Precomputation. Computing a noise-free solution to the
rendering equation [Kaj86] of arbitrary scenes remains infeasible
in real-time. Consequently, rendering research has long relied on
preprocessing techniques, or “baking”, to eliminate parts of this
computation at runtime. Since direct illumination is comparatively
inexpensive to compute, many methods focus on precomputing the
more complex, indirect component of (diffuse) light transport.

Our work draws significant inspiration from irradiance probe
volumes [GSHG98], sharing the goal of volumetrically precom-
puting irradiance to enable efficient and stable shading of mov-
ing objects at runtime. A multitude of follow-up work has im-
proved probe-based irradiance caching, focusing on the challenges
of probe placement and interpolation, to mitigate light-leaking arti-
facts and reconstruction errors. Solutions include heuristics like the
use of geometric terms [ST15], normal-offsetting [Hoo16], non-
uniform probe placement [WKKN19, ZWZ*25], and compres-
sion [VPG14, ZL.Z*25]. Enhancements such as visibility informa-
tion [IS17, MMNL17] and precomputed radiance transfer [SKS02]
have further refined shading accuracy through the use of occlusion
information, while extensions to glossy materials [RLP*20] have
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Indirect irradiance  Indirect illumination Global illumination

Figure 3: Diffuse global illumination is inexpensive to render start-
ing from indirect irradiance E. However, the indirect irradiance
signal itself is expensive to compute, making it the most valuable
component to cache. Multiplying the latter by surface albedo p re-
sults in indirect illumination, and adding direct illumination D and
emitted radiance L, results in diffuse global illumination.

expanded applicability. Unlike probe-based techniques, our method
represents irradiance continuously, forgoing the problems of probe
interpolation and placement.

Precomputation using Neural Networks. Neural networks
have been extensively studied for approximating radiance,
with applications ranging from static scenes [HCZ21] to
those involving dynamic parameters such as scene illu-
mination [RWG*13, RBRD22], various scene configura-
tions [SDR*24, DPD22] or manifolds within a set of scene
parameters [CDD*24]. In terms of architecture, more advanced
neural representations have recently been explored, such as those
based on a transformer architecture [RHP*24, ZDP*25]. A key
advantage of all the aforementioned neural methods is their
ability to learn representations implicitly, eliminating the need for
problem-specific heuristics required by traditional precomputation
approaches. Neural techniques typically deliver higher quality
than classical methods, though they come with longer precompu-
tation times and higher inference costs. More recently, attempts
have been made to combine neural and traditional precompu-
tation [ISSS24], by equipping each probe with a small neural
network that computes a weighting function used for interpolation.
However, in comparison to our approach, probe placement is still
done manually, requiring scene-specific heuristics and/or artist
input to define the precomputation volume and its spatially varying
density.

Online Cache Adaptation. Techniques that precompute parts
of the rendering equation struggle with fully dynamic effects,
as changes in scene parameters require a new precomputation
pass to capture the updated global illumination. To address this,
methods have been developed to update cached quantities at run-
time [MGNM19, MRNK21], transforming conventional precom-
putation concepts into online ones. However, to support frequent
runtime updates, these methods rely on smaller caches to main-
tain efficiency, which compromises their representational strength.
Neural Radiance Caching [MRNK21] mitigates this by delaying
cache queries by tracing additional rays—which reduces bias and
increases sampling variance—but requires additional denoising.
While online cache adaptation offers robustness against arbitrary
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scene changes, our work focuses on a setup that does not permit
the additional cost of tracing rays or denoising.

3. Preliminaries

By excluding view-dependent lighting effects from the rendering
equation [Kaj86] and focusing solely on diffuse illumination, the
bidirectional reflectance distribution function (BRDF) can be fac-
tored out of the reflected radiance integral. This simplification re-
duces the formulation to the irradiance function E:

E(x,n) = /S)Li(x,wi)(mi,n)+d0)i. (1)

At a position x, the term n can represent any direction within
the spherical domain, where E(x,-) defines a continuous spherical
function. Note that irradiance is defined for non-surface positions
as well. With the diffuse BRDF being a constant proportional to the
surface albedo p(x), diffuse reflected radiance L, (x) can be simpli-
fied to:

_ P
Ly(x) = o -E(x,n). 2)

For simplicity, we denote the indirect irradiance as E, with direct
illumination D added at runtime. Figure 3 illustrates these quanti-
ties.

4. Neural Irradiance Volume

Our goal is to render dynamic objects that are unseen during train-
ing within known static environments using an efficient and com-
pact representation that can be precomputed without the need for
per-scene heuristics. We achieve this by learning a neural indirect
irradiance function Eg, which we term a Neural Irradiance Volume
(NIV). Given a scene, we train Eg via loss-driven optimization by
regressing on path traced indirect irradiance values E(x,n) for a
dense sampling of position-direction pairs (x,n) within the scene
domain. At runtime, NIV enables the introduction of unseen ob-
jects, inferring high quality diffuse illumination for both dynamic
objects and static surfaces, running at around one millisecond per
frame on consumer hardware on a full HD frame.

4.1. Compact Irradiance Representation

Our approach addresses the inherent inefficiencies of traditional
irradiance volumes [GSHG98, MGNM19], which are typically
dense and precomputed at a fixed grid resolution. This can be
wasteful as a significant portion of representational capacity may
be allocated inside scene geometry or in areas where the irradiance
signal varies minimally. To overcome these limitations, we lever-
age two components: a small neural network and a multi-level hash
encoding [MESK22].

Neural Network. Our model uses a four-layer fully connected
coordinate-based neural network [MRNK21], with ReLU activa-
tions applied at all but the final layer, mapping an input position
and direction to an irradiance value. We train a variety of neural
networks, with varying overall memory capacity (refer to Table 1).
The smaller models add frequency encoding [MST*21] to the input
position x, mitigating the struggle of neural networks to regress on
high-frequency signals [TSM*20]. The larger models make use of
a learned input encoding discussed later in this section.
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A notable difference compared to classic methods is how we
structure our irradiance cache. Classic probes-based methods map
each position x to a spherical harmonics function, which is then
evaluated at a given direction ® to return irradiance E, compactly
described by x — (@ +— E). Our model instead maps the 5D input
directly to the output, i.e. (x,0) — E. This simpler reformulation
enables powerful extensions described in Section 4.2 and Section 6,
and does not require the choice of a set of basis functions, like
spherical harmonics.

Learned Encodings. To capture the irradiance field of larger
scenes without requiring a more expensive neural network, we re-
place frequency encodings of our larger capacity models with a
learned multi-level hash-grid encoding [MESK22]. This encoding
maps positions in 3D space to latent vectors at multiple resolutions,
where the latents of the finer levels are stored in a hash table. This
allows adaptive use of the space, but also causes collisions of the
input, as many positions may be mapped to the same latent vec-
tors in the hash table. As demonstrated in prior work [MESK?22],
the collisions are implicitly handled during optimization as gradi-
ents of more important samples dominate the averaged gradient,
enabling compressed representations. This prevents unimportant
areas from consuming representational capacity, unlike grid-based
methods where samples inside geometry would still occupy mem-
ory. On the other hand, too many collisions results in a reduction of
reconstruction quality. As such, we control the size of the hash table
to achieve a collision-rate that is optimal for our specific use case of
representing the irradiance signal, encouraging both compactness
and quality of reconstruction. Our evaluation indicates that a high
collision rate only mildly affects irradiance reconstruction while
severely reducing the required memory capacity, see Figure 4. NIV
is parameterized with hash table size T = 27 for all our experi-
ments, which strikes a balance between memory usage and repre-
sentational quality on all tested scenes. The other parameters of the
multi-level hash encoding are the following: the latent dimension
size is 4, the scaling factor between levels is /2, the size of a side
on the coarsest level is 16, and the number of levels varies between
2 and 8, depending on the target capacity (see Table 1),

3.6e-3
e — 1.0
% Nmmn o — — Volume MSE
5 MB * — - Collision Rate
33e31 o RS ’ = 0.8
~
~
\N
23
g 3063 x 06 =
b i £
Y 27e3 N\ g
7e- v k)
g 17 MB \ 04 3
3 ) \ =
o \ S
R \ \\ 02 ©
AY
pres 54 MB A
le- . 15.9 MB x 100
\. — _29MB  7;3s5MB
o — o

17 19 21 23
log, hash table size

Figure 4: Varying the hash table size on Sponza (8 levels of encod-
ing) impacts the reconstruction error of NIV. Allowing hash colli-
sions mildly impacts the MSE while significantly reducing the re-
quired memory.

4.2. Unified Volume and Surface Cache

Irradiance probes are a practical solution because they offer a
unified representation to render both dynamic and static sur-
faces [BB*17]. However, in practice, an additional representation
is often needed because probes alone are prone to missing contact
details and do not provide sufficiently high quality on static sur-
faces. Often this additional representation is in the form of a 2D
cache dedicated to static surfaces like light maps [A*86], which
can be precomputed to provide higher quality but comes at the cost
of high memory utilization, execution divergence due to branch-
ing between light maps and irradiance probes code paths, and uv-
parametrization issues.

NIV provides the advantages of both approaches—high quality
on surfaces and support for unseen dynamic objects—as it inher-
ently captures a high-quality 2D representation for static surfaces
embedded within the broader 5D field. We achieve this without
modifying the model architecture, but by simply adjusting the train-
ing procedure (Section 4.5): we sample a fraction of the positions
explicitly on the scene’s surfaces, with their directions determin-
istically aligned to the corresponding surface normal. This surface
domain forms a small 2D manifold of the whole 5D domain, and
according to our experiments requires negligible capacity of the
complete model. We experimentally verified that allocating 20% of
the training samples to static surfaces strikes a good balance be-
tween volume and surface irradiance reconstruction. This targeted
adjustment significantly improves the quality of rendering, effec-
tively capturing high-frequency details such as contact shadows,
without compromising the quality of dynamic objects, as shown
in the false-color visualization through the banners in Sponza in
Figure 6. Notably, this low-dimensional specialized representation
would be infeasible to model using a grid-based cache, as grids
struggle to adapt resolution to arbitrary surface manifolds without
significant memory overhead or resorting to separate 2D structures
with their own drawbacks.

4.3. Learning Pre-integrated Radiance

Neural rendering techniques learn a radiative quantity
on the surfaces of a scene, which can be either out-
going [MRNK21, DPD22, HCZ21, CDD*24] or incom-
ing [DKHD25] radiance. In contrast to this, our method learns a
volumetric radiative quantity, the irradiance E, for each position
and normal pair in the scene volume. Since we intentionally tailor
our method to shade diffuse materials, we factor out the BRDF
and only learn integrated incoming radiance. Using and learning
a pre-integrated and directionally smooth signal enables two
important properties of our method: we do not require runtime
sampling and simplify the learning task.

Sampling Variance. Rendering with a neural representation of
learned incident radiance L;g (i.e. not pre-integrated) is compu-
tationally expensive. Namely, at runtime | Lig(x,;) (@;,n)tdw;
needs to be numerically evaluated which requires multiple sam-
ples such that the variance does not dominate the overall error. For
high quality results, either multiple network evaluations per shad-
ing point would be needed or fewer but with additional denoising.

Representational Simplicity. Learning irradiance instead of in-
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cident radiance is a more practical choice, since it is inherently
smoother and less complex to represent. We validate this claim by
replacing the quantity NIV learns with L;, while maintaining the
same training budget. We experimentally verify that learning such
arepresentation takes longer to converge and significantly increases
the runtime cost in the supplemental material.

Table 1: Inference times for a 4-layer network [MRNK21] driv-
ing Neural Irradiance Volume on full HD (1920x1080) frames us-
ing an RTX 4090 and i9-13900K. Networks without grid encod-
ing (-) use eight-band positional encoding [MST*21]. “Half” ren-
ders a quarter resolution; “full” is full HD. All parameters in half-
precision.

width  grid levels full (ms) half (ms) memory (MB)
16 - 0.19 0.029 0.003
32 - 0.20 0.031 0.01
64 - 0.25 0.069 0.03
64 2 0.31 0.088 0.16
64 4 0.67 0.18 1.20
64 6 1.06 0.26 3.30
64 8 1.35 0.37 5.40

4.4. Rendering

After training, NIV can render frames in real-time, following a
pipeline very similar to classic irradiance probes. Starting from the
G-bufter of the rendered scene, the position and normal buffers are
input to the neural model, which infers pixel-wise E(x,n) in a sin-
gle batch. Equation 2 is used to obtain indirect diffuse radiance,
adding the surface emission and direct illumination for the final
frame, as shown visually in Figure 1.

Half-resolution Rendering. Our method can be run at reduced
resolution for higher performance, while still using the full size
albedo buffer p for accurate materials. Running at half-resolution
significantly reduces the computation time for a frame, requiring
only 0.37 ms for our largest model, refer to Table 1 for the half-
resolution runtime overview. Rendering at half-resolution is a com-
mon approach in real-time rendering, but introduces aliasing ar-
tifacts which could be partly resolved by using industry practice
upsampling methods [KCLUO7]. Since indirect irradiance varies
smoothly in screen-space, aliasing is only slightly perceivable, es-
pecially after multiplication with the full-resolution albedo buffer
(see supplemental video).

Dynamic Ambient Occlusion. A precomputed irradiance field,
cached as either probes or NIV, does not capture how dynamic ob-
jects affect indirect illumination, but this is often not relevant in
practice as added geometry is expected to be small in size compared
to the scene. Some important effects might still be missed, like self-
occlusion on the dynamic objects and indirect occlusion cast by
them onto the scene. A common solution to mitigating part of these
missed interactions is applying an ambient occlusion pass [SA07].
Since NIV already captures local high-frequency effects on static
surfaces as described in Section 4.2, we run a lighter dynamic am-
bient occlusion pass, where only dynamic geometry is considered
when computing the hemisphere obstruction at the shading point.
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This simulates self-occlusions when shading the dynamic object,
and on static surfaces it simulates how the presence of new geome-
try partially occludes indirect irradiance.

With Surface Sampling
-

No Surface Sampling

No Culling

With Culling

Figure 5: Culling training data inside scene geometry and allo-
cating a portion of the training budget to sampling scene surfaces
both improve reconstruction quality. Combining these strategies
produces the most robust results.

4.5. Training

NIV is trained by uniformly sampling position-direction pairs (x,7)
throughout the scene volume—20% of which are uniformly sam-
pled on the surface geometry with their direction n set to the sur-
face normal—and computing the associated ground-truth indirect
irradiance E(x,n) via path tracing. Note that while any emitter
type is supported during training, real-time rendering requires light
sources that can be efficiently sampled to avoid sampling noise.
The model’s current output Eg is then used to compute the rela-
tive L2 loss, normalizing the MSE by the squared network predic-
tion [Leh18]:

(Eg(xn) — E(x,n))?

Lo(E(x,n),Eq(x,n)) = sg(Eg(x,n)%) +

; 3

where sg denotes a stop gradient operation and the constant
€ =0.01. During training, we discard samples that are inside of sur-
faces, which we identify simply by checking whether the majority
of normals at the first hit are backfacing whilst estimating irradi-
ance. This avoids wasting capacity on inputs that are not visible at
runtime, but also prevents mild dark leaks near static surfaces. We
show the impact of sampling 20% of the training data on surfaces
and culling samples with backfacing normals in Figure 5.

We use PyTorch [PGC*17] as training framework and
Mitsuba3 [JSR*22] as renderer for ground truth data and
Adam [Kin14] to optimize the model parameters, using a learning
rate of 1072 and a batch size of 2'°. We reduce the learning rate af-
ter the first 10k iterations by exponentially decaying to 104, simi-
lar to other neural rendering works [HCZ21]. All our tested scenes
converge after at most 50k iterations. On a single RTX 4090 a sim-
ple scene like the Cornell Box converges after around five minutes
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or thirty minutes for a medium sized scene like Sponza. It is worth
noting that the majority of this time is spent on path tracing irradi-
ance (e.g. 94% of the compute budget on Cornell Box), as opposed
to optimizing the model parameters.

5. Results

As our method is related to probe-based global illumination meth-
ods, neural surface caches, and neural rendering of variable scenes,
we compare against the three families of approaches in detail.

5.1. Probe-based Methods

We compare NIV against a modern probe grid, similar to
DDGI [MGNM19], implemented in our rendering system to en-
sure compatibility with ground truth path tracing. See supplemental
material for implementation details. In our experiments, we follow
the DDGI implementation but compute visibility using ray tracing
rather than depth textures [MGNM19, MMNL17]. This choice fa-
vors the probe-based DDGI baseline in our quality-focused com-
parison, as ray-traced visibility eliminates depth-texture aliasing
and avoids the additional memory overhead—where DDGI other-
wise requires 1168 bytes per probe, 1024 of which are dedicated to
depth buffers.

Our probe-based baseline uses second-order spherical harmonics
(9 coefficients) [RHO1], which are stored at half-precision using 54
bytes per probe. While further quantizing the probes to 28 bytes
per probe is possible [RSS*24], a factor of 2 has little influence
on the presented results even if the compression was lossless. For
completeness, we also compare against the open source industry
implementation of DDGI [NVI25], as shown in the supplemental
material.

Memory-Error Trade-off. We evaluate the MSE on randomly
sampled point-direction pairs in the scene volume, as it is a good
measure for the quality for shading unseen moving objects. In all
tested scenes, NIV increases quality at a given memory budget by
an order of magnitude compared to probe-based methods, partic-
ularly at lower representational capacities. For a quantitative and
qualitative example on Sponza see Figure 6. While ray-traced visi-
bility reduces the MSE of probe-based techniques, it is still unable
to close the gap to NIV and incurs a significant runtime cost.

The inferior memory scaling of probe grids is unsurprising, as
the irradiance volume scales cubically with spatial discretisation
and lacks the ability to adaptively allocate capacity where it is
needed most. In contrast, NIV has no such constraints and can im-
plicitly allocate capacity based on the loss function. This limitation
of irradiance volumes manifests in two noticeable ways: the fail-
ure to capture contact shadows entirely and the occurrence of light
leaks when ray-traced visibility is not employed, see Figure 6. Both
contact shadow accuracy and leak prevention are critical for real-
world applications, which the neural representation handles auto-
matically. Additional quantitative data on other scenes can be found
in the supplemental material.

Performance. The efficiency of querying a regular grid of probes
is highly competitive since it consists of simple trilinear interpola-
tion of a few spherical harmonics coefficients. The actual runtime

cost depends on the grid size and the way coefficients are laid out
in memory, which influences memory transfer and caching behav-
ior. Since our model uses a hashing function to map between grid
coordinates and latent vectors, simple probe-based methods should
always hold a performance edge over NIV, if both are optimized ac-
cordingly. On top, NIV requires to evaluate the input encoding and
perform matrix multiplications for network evaluation [MRNK21],
which altogether incurs a cost of around 1 ms on an RTX 4090. As
shown in Table 1, NIV requires a minimum of 0.19 ms at full HD
resolution or 0.029 ms when rendering at half resolution. Relying
on a multi-resolution hash grid increases runtime cost, indicating
that memory transfer costs also dominate the performance of our
approach. In any case, relying on 2 or 4 grid levels (0.16 to 1.20
MB) leads to around 0.5 ms of runtime, which is easily fast enough
for real-time applications and provides better quality compared to
the probe-based approaches.

5.2. Neural Surface Cache

Methods that rely on a neural network to store outgoing radiance
along scene surfaces [RWG™ 13, HCZ21, CDD*24] cannot directly
shade objects that are not part of the training domain. When a pre-
viously unseen dynamic object is introduced into the scene, ray
tracing is required to defer shading computations to the trained sur-
face locations. While this approach avoids introducing additional
bias, it increases variance in the final shading proportional to the
deferred path depth. Caches that adapt to the scene in an online
fashion [MRNK21] offer an alternative by continuously updating
their neural model to account for newly introduced objects. How-
ever, both updating the cache and deferring to mitigate the bias of
their (comparatively) small cache requires ray tracing during run-
time.

We compare against neural surface methods by training a model
similar to Neural Radiance Caching [MRNK21], augmented with a
multi-resolution hash encoding [MESK?22] with the same represen-
tational capacity as our method. After training, this model captures
the outgoing radiance at any point of the static scene, but not on dy-
namics objects. By deferring cache queries by one bounce (or more
when the deferred bounce lands on a dynamic object again) the neu-
ral surface cache can be used to estimate indirect illumination on
dynamic objects. To remove the resulting variance, a denoiser must
be used. Both ray tracing and denoising add a significant runtime
overhead of around 5-10 ms per frame, even when using hardware
supported ray tracing and highly efficient neural denoising, see Fig-
ure 8.

Results. We render scenes from our dataset with NIV and with a
neural surface cache, and evaluate the rendering error with respect
to path traced references. All test scenes contain dynamic objects
which cover between 5% and 10% of the output image, Figure 7
shows a crop of one such dynamic object. As shown in Table 2,
NIV achieves higher quality results for all inputs, while using the
same memory budget and running 5-10 ms faster since ray trac-
ing and denoising are not required. Figure 7 exemplifies the bias-
variance tradeoff on the White room scene: the majority of artifacts
from neural surface caching come from high Monte Carlo variance,
hence the denoiser (Optix) does not have enough information to re-
construct an artifact-free frame. Figure 9 shows that increasing the
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Figure 6: Horizontal slice through the banners of Sponza (5.4 MB budget). NIV captures irradiance bleed and shadows better than probe-
based methods. NIV has ~ 10x higher quality across the scene’s volume. Ray tracing the visibility towards probes during evaluation (“+
RT”) reduces the overall error but adds a significant performance overhead. The error map highlights the per-pixel absolute luminance error.

(a) 1 spp (b) 1 spp denoised (c) 4 spp denoised  (d) NIV (Ours)

(e) Reference

Figure 7: Rendering with a neural surface cache requires a sin-
gle deferred surface lookup, which introduces noise (a). A neural
denoiser like Optix [PBD* 10] reduces noise but produces blotch-
iness (b, c), resolvable only with more costly ray-traced samples.
Our method avoids path tracing and denoising while significantly
improving quality (d) compared to a reference image (e).

surface model capacity has little effect on quality. Since variance
is the major source of error, increasing the sample count is a more
effective way of improving quality, but linearly raises the runtime
cost.

5.3. Neural Rendering of Variable Scenes

While our goal is to shade moving objects without retraining, other
methods explicitly take scene variation into account during the
training phase. These approaches generally assume a predefined
range for each variable scene element, which is encoded into a
structured representation—usually a vector. The representation can
then be used directly as an input for the neural model [DPD22],
or processed through a learned encoding [SDR*24]. Such strate-
gies attempt to learn a surface radiance field for all possible per-
mutations of scene variables, in contrast to techniques that in-
stead constrain learning to a single manifold within these param-
eters [CDD*24].
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Figure 8: Runtime comparison between NIV, a denoised neural sur-
face cache and denoised path tracing. The ray sampling budget of
the methods was chosen to match the rendering quality of NIV. The
surface cache only traces a single bounce (4 spp) as opposed to
path tracing (16 spp), which traces full-length paths with Russian
Roulette. Primary visibility is provided to all methods using a ras-
terization pass and is not included in the timings.

Despite correctly modeling the light transport induced by com-
plex variable-scene interactions, these approaches present sev-
eral drawbacks when compared to (neural) irradiance volumes.
First, they require retraining whenever the set of scene parameters
changes, such as when objects are added, removed, or modified.
Second, they fail to achieve real-time performance, with inference
times exceeding 100 ms in our experiments, see the supplemen-
tal material. Third, the inference time scales with the number of
dynamic objects present in the scene, which limits the use of prim-
itives with many scene variables like animated meshes. These lim-
itations highlight challenges in deploying such methods for practi-
cal applications. Nevertheless, a natural question is how the render-
ing quality of these methods compares to NIV when they are sim-
ilarly configured to only learn indirect diffuse global illumination.
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Figure 9: Rendering error of a neural surface cache and ours com-
pared against reference on Sponza. Since the majority of the error
in the neural surface caching is the variance from deferring, in-
creasing the model capacity—and thus reducing its bias—does not
improve the overall quality. Since NIV does not require sampling,
its quality scales with the allocated memory.

Table 2: Comparison between a neural surface cache and NIV.
Scenes from our dataset were rendered with the addition of dynamic
objects and compared to path traced references. Both methods used
a capacity of 5.40 MB. We use the HDR variant of FLIP [ANSA21].

Scene FLIP (|) MSE ({)
Surface Ours Surface Ours

Sponza 0.25 0.10 2.32e-3 9.09¢-6
Cornell box 0.14 0.05 5.57e-4 2.53e-5
Dining room 0.27 0.24 3.07e-2 3.31e-3
Bathroom 0.15 0.06 3.22e+0 2.76e-3
White room 0.17 0.09 2.76e-3 8.13e-4
Living room 0.10 0.04 1.14e-2 2.36e-4

NIV does not explicitly model higher-order interactions between
dynamic objects and the surrounding scene. In contrast, methods
based on variable scene encodings need to devote part of their rep-
resentational capacity to learning these interactions on top of learn-
ing the outgoing radiance on the static scene geometry. In our re-
sults we find that for a fixed model size, NIV often achieves compa-
rable or lower rendering error, particularly as the number of scene
variables increases.

As illustrated in Figure 10 and Figure 11, the rendering error
achieved by NIV lies within the same range as methods that were
trained with explicit knowledge of scene objects. This suggests that
the irradiance volume formulation, combined with dynamic ambi-
ent occlusion, is highly effective at generalizing to unseen config-
urations. However, there exists a theoretical lower bound to irra-
diance volumes in this setup, represented in Figure 11 by the dot-
ted line. This bound corresponds to the error level of a path-traced
static irradiance field computed without the dynamic objects. As
the model capacity of variable-scene methods grows, their render-
ing error can drop below this threshold, allowing them to produce
shading effects that more closely resemble path traced global illu-
mination, including the higher-order interactions between the vari-
able parameters and the scene. In the supplemental material, we
show an additional figure similar to Figure 11, where the variable

(a) 5 Variable Parameters (b) 35 Variable Parameters

Figure 10: A7 a model capacity of I MB NIV captures color bleed
from the static scene onto the variable scene elements—the floating
armadillos—while the variable scene methods [DPD22, SDR*24]
do not. As opposed to the compared methods, NIV has not seen dy-
namic objects during training, and can be queried with any amount
of them without re-training. See Figure 11 for quantitative data.

le-4

—$— Learned Encoding
~&— Pixel Generator
—&— Ours (NIV)

~F- Static Irradiance

w S v
L N L

Image MSE +/- Standard Error

—-
L

2 3 4 5 6 7
Number of Objects (5 variables per object)

Figure 11: We compare NIV with variable-scene methods that en-
code changing scene parameters via a PixelGenerator [DPD22]
or a learned encoding [SDR*24]. Unlike these approaches, which
require training for each scene configuration, NIV is trained only
once on the static irradiance of the empty scene. Yet it achieves
lower rendering error at higher object counts, underlining the ef-
fectiveness of the irradiance assumption. All methods use the same
1 MB capacity, with each object adding five degrees of freedom (35
scene variables at the rightmost data point).

scene methods are ran using the recommended model capacities as
described in the respective works [DPD22, SDR*24], which im-
proves their rendering quality at the cost of extra model capacity
and an even slower runtime.

6. Application: Higher-dimensional Irradiance Fields

In many real-world applications, only a known set of scene param-
eters is expected to change at runtime [SSS*20], e.g. rotating emit-
ters that mimic a time-of-day cycle. Given the prevalence of such
behavior we extend pre-computing a neural irradiance volume with
respect to such changing scene parameters, by introducing new in-
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puts to the model, e.g. the current position of the moving emitters.
We train the irradiance field while randomly sampling the variable
scene parameter, similar to the neural variable scene methods in
Section 5.3. After training, this removes the need to update the rep-
resentation in real-time and avoids potential temporal artifacts and
updating costs.

Training with many variable parameters, as highlighted before,
significantly impacts the performance of a neural representation. To
maintain performance we targeted learning 1-2 variables that model
dynamic phenomena useful in practice. We find it to be sufficient
to apply frequency encoding [MST*21] to such changes, which
only adds little inference overhead. Scaling to more than two scene
variables at the same representational capacity causes visible recon-
struction error, which could be resolved through the use of learned
encodings, with the same disadvantages shown in Section 5.3. We
implemented two use cases: a rotating directional light source sim-
ulating a time-of-day cycle and a moving occluding object in the
scene. See results in Figure 12 and the supplemental video. To en-
sure artifact-free results, we double the size of the hash table that
encodes the scene position for this application (i.e. ~ 10MB).

Figure 12: Adding the angle of a directional light to NIV lets us
model time-of-day changes in Sponza —a common use case in
game development— without requiring further training at runtime.
The Bunny is unseen during training, but receives high-quality
color bleed from the scene.

7. Limitations & Future Work

Direct Illumination. A fundamental assumption of NIV is that di-
rect illumination can be estimated efficiently at runtime without
introducing sampling-related noise. However, this assumption only
holds for simple lighting and low numbers of lights, and may re-
quire additional render passes, e.g., shadow maps [Wil78]. While
many real-time techniques exist to handle the many lights prob-
lem [BWP*20], they often exhibit significant noise levels them-
selves and thus efficient noise-free shading is impossible.

Irradiance Volume Assumptions. Traditional probe based illu-
mination assumes the impact of moving objects on the scene’s
light transport is small—or artist controlled [SSS*20]—which
holds true for many real-life applications and does not hinder its
widespread use in games [BB*17]. We inherit this assumption,
and do not capture the moving object’s impact on the scene’s
light transport. As with probe based illumination, extensions would
be needed for glossy materials [RLP*20] or higher-order self-
occlusions [SKS02].

Compression. Further compressing multi-level hash encoding
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and MLP architectures is an active research topic [TMND™*23]. Ex-
ploiting such compression might further improve the memory-error
trade-off and runtime cost of NIV. It is worth noting that such com-
pression can introduce artifacts that might require problem-specific
regularization terms or training parameter tuning [DMD*23]. Our
early experiments show that using a strong Laplacian regularizer
and a lower learning rate significantly helps reconstruction.

Glossy materials. NIV can be used with non-diffuse materials by
deferring queries to diffuse intersections, at the cost of sampling-
related noise. To maintain noise-free rendering, alternative solu-
tions could be explored. A promising direction incorporates surface
roughness as a control parameter in the neural model [VHM*22],
possibly allowing the method to natively handle glossy materials.

Online Learning. Updating a learned cache at runtime has been
shown to be possible for surface-based representations [MRNK21].
Extending NIV with online learning works, but is inherently slower
to learn since it has a larger input domain—the scene volume, as
opposed to a subset of the scene surfaces—and requires a low bias
representation as it avoids deferring queries to other scene loca-
tions. We experimentally verified that starting from a learned NIV
significantly improves convergence as opposed to learning from
scratch. However, to update it in real-time, further extensions are
required such as only sampling the camera’s view frustum and/or
employing loss-driven sampling [DPD22].

Larger Scenes. When scaling NIV to larger scenes, we found
that model capacity eventually becomes a limiting factor, leading
to increased reconstruction error. One way to address this is to par-
tition the scene into a grid of smaller regions [RPLG21] and learn a
different NIV for each of them, which allows the method to retain
accuracy by distributing representational capacity. An interesting
direction for future work is striking a balance between traditional
spatial subdivision and the neural network capacity as explored in
related work [WRM*24]. Another promising avenue is the inte-
gration of level-of-detail techniques, allocating capacity adaptively
or selecting a lower frequency model based on the position of the
camera.

8. Conclusion

We introduced a Neural Irradiance Volume (NIV), a novel approach
that modernizes real-time global illumination for dynamic objects.
By compressing the indirect irradiance field in a compact neural
model, NIV overcomes the limitations of traditional probe-based
methods, offering superior visual quality and an order of magni-
tude improvement in memory efficiency. Our technique provides
a unified, noise-free, and high-quality solution that is practical for
real-time applications. By eliminating the need for expensive run-
time operations such as ray tracing or denoising, which are com-
mon in neural rendering techniques, NIV shows that high-quality
indirect lighting is achievable without sacrificing performance. We
believe that NIV has the potential to benefit existing applications
that utilize irradiance volumes, such as game engines, by reduc-
ing memory requirements and complexity, and improving visual
quality. Furthermore, its differentiable nature makes it a promis-
ing building block for inverse rendering pipelines and other neural
scene representations.
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Reference NIV (Ours) Probes Insets: Reference, NIV (Ours), Probes

Figure 13: Overview of the indirect irradiance—i.e. without albedo for clarity—using our Neural Irradiance Volume. The movable objects
Lucy, Bunny and Dragon are placed in the scene at render time and are not seen during training. Since NIV and probe volumes capture only
the indirect irradiance of the known scene, dynamic ambient occlusion is also added as described in Section 4.4. All insets can be compared

with a high sample count path traced reference. Compared to NIV, probe grids noticeably struggle with several kinds of light leaks and
incorrect color bleed.
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