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Original scene: 105 MB + 1780 MB
Our scene: 105 MB + 43 MB 

Figure 1: N-BVH provides a compressed representation for ray queries against complex 3D assets, integrating seamlessly into

standard ray-tracing pipelines. Here, the rendered image (left) combines responses from our neural model (top right) with

classical BVH/triangle ray queries (middle right), providing a faithful approximation to the original scene. Our model achieves

a compression rate of 42× for the subset of geometry it represents, and 13× over the entire scene.

ABSTRACT

Neural representations have shown spectacular ability to compress
complex signals in a fraction of the raw data size. In 3D computer
graphics, the bulk of a scene’s memory usage is due to polygons
and textures, making them ideal candidates for neural compression.
Here, the main challenge lies in finding good trade-offs between ef-
ficient compression and cheap inference while minimizing training
time. In the context of rendering, we adopt a ray-centric approach to
this problem and devise N -BVH, a neural compression architecture
designed to answer arbitrary ray queries in 3D. Our compact model

SIGGRAPH Conference Papers ’24, July 27-August 1, 2024, Denver, CO, USA
© 2024 Copyright held by the owner/author(s).
This is the author’s version of the work. It is posted here for your personal use.
Not for redistribution. The definitive Version of Record was published in Special
Interest Group on Computer Graphics and Interactive Techniques Conference Conference
Papers ’24 (SIGGRAPH Conference Papers ’24), July 27-August 1, 2024, Denver, CO, USA,
https://doi.org/10.1145/3641519.3657464.

is learned from the input geometry and substituted for it whenever
a ray intersection is queried by a path-tracing engine. While prior
neural compression methods have focused on point queries, ours
proposes neural ray queries that integrate seamlessly into standard
ray-tracing pipelines. At the core of our method, we employ an
adaptive BVH-driven probing scheme to optimize the parameters
of a multi-resolution hash grid, focusing its neural capacity on the
sparse 3D occupancy swept by the original surfaces. As a result, our
N -BVH can serve accurate ray queries from a representation that is
more than an order of magnitude more compact, providing faithful
approximations of visibility, depth, and appearance attributes. The
flexibility of our method allows us to combine and overlap neural
and non-neural entities within the same 3D scene and extends to
appearance level of detail.
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1 INTRODUCTION

Physically based rendering engines rely on a single fundamental
operator to simulate light transport in a 3D scene: ray tracing. For
realistic scenes encompassing complex surface meshes (see Fig. 1),
ray queries are accelerated using a hierarchical data structure that
allows skipping empty space efficiently when tracing the rays in
search for an intersection. Nevertheless, the memory footprint of
the scene and of this structure is often challenging to manage, given
the limited space available on graphics processing units (GPU).
Recently, neural methods have demonstrated impressive ability
to compress data, in particular spatial samplings, yet have been
mostly designed to serve point queries, such as evaluating a shape
represented via its signed distance function. In this paper, we pro-
pose a new neural representation for 3D scene models designed
specifically for ray queries that blends naturally into a typical ray
tracer. Our key observation is that any neural compression model
can be optimized efficiently as long as it is trained on samples that
live close to the signal of interest. In our case, 3D surfaces are the
signal of interest and are commonly structured in a bounding vol-
ume hierarchy (BVH) to speed up their intersection test. We take
inspiration from this very standard setup and propose to optimize
a state-of-the-art neural data structure by embedding it into such a
BVH; we call our new structure a Neural BVH or N -BVH.

At training time, we use the scene’s BVH as a probing machine
to generate ray queries/responses training pairs only close to the
surfaces for our neural model to learn. At rendering time, our
N-BVH inherits the natural empty-space skipping behavior of a
standard BVH and serves neural ray queries, preventing full, deep
BVH traversal and hence storage. Our N-BVH can be used con-
currently with a standard BVH, to overlap neural and non-neural
assets in a single scene. Its training takes only a few minutes even
on large scenes and its runtime response includes visibility, depth,
and appearance attributes for arbitrary rays. Additionally, N -BVH
proposes a simple level-of-detail (LoD) scheme, by refining multiple
error-driven cuts in its underlying tree structure and optimizing
the neural model concurrently at all their nodes.

Contributions. We introduce the following novel elements:
• A new hybrid neural data structure, N -BVH, which encodes

signals such as depth, normal, or appearance attributes so
that they can be efficiently queried by a ray, and focuses its
neural capacity on the sparse subset of 3D space spanned by
surfaces;

• A neural ray-intersection query mechanism (Section 4) which
can serve any path tracer with faithful intersection approxi-
mations;

• A fast training scheme driven by a coarse-to-fine tree-cut
optimization (Section 5.1), which automatically concentrates
the training where the error is highest; this scheme provides
a deep (resp. shallow) hierarchy where the geometry is hard
(resp. easy) to learn and is oblivious to the actual tessella-
tion of the input meshes, e.g., a densely subdivided plane is
perceived as simple;

• The ability to jointly define multiple adaptive neural levels-
of-detail (Section 5.3), specifying a target node count for
each related tree cut.

Basing N -BVH on hash grids copes ideally with BVH empty-space
skipping: typically, the vast majority of the backpropagation gra-
dients are non-zero during training even if only a small amount
of the scene’s volume is actually sampled. This sparse adaptation
translates into encoded points landing close to the geometry, in-
ducing faster and easier learning at a reduced memory cost. This
allows for a very lightweight hash grid encoding—in the order of a
few megabytes—where we favor BVH depth over neural capacity
growth.

Application spectrum. We demonstrate the benefit of our N-
BVH with two application scenarios: hybrid path tracing (Section 7)
which combines neural and non-neural assets in a single pipeline;
and neural appearance prefiltering (Section 8) which alleviates mem-
ory consumption and render times while providing equal or lower
prefiltering error on large complex models appearance.

The source code of our implementation is publicly available at
https://github.com/WeiPhil/nbvh.

2 RELATEDWORK

Neural implicit representations. Neural radiance fields (NeRF)
[Mildenhall et al. 2020] and their recent adaptations to interac-
tive and real-time graphics [Müller et al. 2022] use implicit neural
representations forming neural fields [Xie et al. 2022] for novel
view synthesis. Neural representations’ adaptability, coupled with
sparse [Müller et al. 2022] and compressed [Takikawa et al. 2022]
coordinate encodings, efficiently store high-dimensional functions,
representing high-frequency content in spatial and angular do-
mains. The necessity for accelerated coordinate-based representa-
tion has mainly been explored in NeRF-related techniques where
the dense sampling of a volume using ray-marching can lead to
a prohibitively high number of network inferences. The (shallow)
multi-layer perceptron (MLP) involved in the process is responsible
for a large part of the inference cost which Hedman et al. [2021]
proposes to avoid by accumulating features along rays to offload
the MLP. Yang [2023] also showed that a tree-structured MLP can
further improve compression fidelity. Recently, Wang et al. [2023]
showed that further speed and accuracy can be gained with an
adequate empty-space skipping strategy. Not only does this signif-
icantly reduce the number of network queries at runtime, but it
can drastically improve the reconstructed signal as sampling is in-
creased near the high-frequency content of the scene. Our approach
is similar in spirit and relies on traditional scene acceleration data
structures to provide an efficient empty-space skipping strategy.
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Figure 2: Our lightweight N -BVH is a shallow hierarchy whose leaf nodes simply store bounds within which we search for ray
intersections by querying a neural geometry representation. The leaves (in purple outlines) represent a cut in a classical BVH
over the input geometry; we optimize the cut by iteratively splitting the leaves with largest inference error. After each splitting
step we train our neural model within the cut-node bounds by sampling random rays in the scene.

However, we are not restricted to NeRF applications as we aim at
learning general ray-intersection queries which are at the core of
many rendering applications.

Geometric simpli�cation.Silhouette and shape-preserving dec-
imation [Garland and Heckbert 1997; Hoppe 1996; Kobbelt et al.
1998] are widely used, often with artist supervision, in produc-
tion environments. However, they can fail to accurately preserve
the appearance of the original asset when high compression rates
are demanded or the underlying geometry does not exhibit the
geometric characteristic the algorithms are tailored to [Lindstrom
2000; Rossignac and Borrel 1993; Schaefer and Warren 2003]. Point-
based [Pauly et al. 2002] or statistical simpli�cation [Cook et al.
2007] supports less structured shapes, and hybrid volume/surface
approaches [Gobbetti and Marton 2005; Loubet and Neyret 2017]
have been proposed but they usually focus on pre�ltering rather
than reducing the memory footprint of the scene.

Neural compressed geometric reconstruction.A large body of work
has shifted toward representing geometry as a signed distance �eld
(SDF) rather than a more typical triangle representation. Park et al.
[2019] were among the �rst to represent SDFs as deep neural net-
works, though were able to learn only low-frequency signals and
at a high inference cost. Later, Takikawa et al. [2021] demonstrated
how coordinate-based networks, implemented as an octree feature
volume, allow much higher frequency SDFs to be reconstructed
while also providing continuous levels of detail at a low memory
footprint. As an alternative geometric representation, ACORN [Mar-
tel et al. 2021] proposes another type of coordinate-based network
for learning a highly compressed and accurate occupancy �eld
represented by an optimized space partitioning. While providing
accurate reconstruction, it is speci�cally designed to answer point
queries, which prevents its application to many rendering domains.
The direct reconstruction of compressed triangle-based representa-
tion is a challenging problem even for coordinate-based networks
as the underlying data is inherently discrete. Weier et al. [2023]
propose to compress and represent the pre�ltered appearance while
taking into account the correlation arising in structured geometry

using a sparse voxel grid paired with a hash grid for e�ective com-
pression of the learned signal. Feng et al. [2022] tackle the problem
of learning visibility and depth for arbitrary ray queries by propos-
ing a ray-foot parameterization that prevents aliasing of di�erent
rays sharing the same intersection, thereby improving the learning
process. However, their approach does not compress the geometric
representation as it requires two large MLPs for inference, making
it impractical for real-time use. Furthermore, the ability of their
method to reconstruct complex high-frequency geometric signals
is limited by the network's capacity. NeuralVDB [Kim et al. 2022]
compresses the volume of a 3D scene with a set of overlapping do-
mains, each equipped with an MLP mapping local voxel coordinates
to voxel data. Its hierarchy is shallow and wide, and the method
o�ers a signi�cant compression ratio for point-queried volume data
compared to previous iterations of the VDB representation.

Hybrid neural path tracing.The work of [Fujieda et al. 2023] fo-
cuses on optimizing ray-tracing performance through the learning
of visibility. While their representation achieves real-time inference
with a low memory footprint, their model only handles shadow ray
queries and over�ts to both camera and light positions, preventing
any type of relighting or interactivity.

3 METHOD OVERVIEW
We propose a compact learnt representation for 3D surfaces with
support for e�cient ray-intersection queries (see Fig. 2). This rep-
resentation replaces the input geometry with a coordinate-based
neural model that we sample along rays to infer intersection point,
surface normal, and appearance. Our model is based on a multi-
resolution hash grid [Müller et al. 2022] which excels at compactly
representing sparse but complex 3D signals.

Neural ray inference is subject to inherent reconstruction error.
Beyond the capacity of the neural model, the parameterization of
its input strongly in�uences its performance. Consequently, prob-
ing the model at sample points close to the geometry helps it to
e�ciently store intersection information. Dense sampling along
the ray achieves high accuracy but is prohibitively costly; the main
challenge is thus to sample the model sparsely but close to the
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3D surface. To that end, we take inspiration from classical ray-
intersection acceleration to cluster geometry in bounding boxes
and probe the model only within the ray-box intersection intervals.
Organizing these boxes into a bounding volume hierarchy, dubbed
N -BVH, recovers the bene�ts of traditional acceleration structures,
namely (approximate) front-to-back probing for early termination
and e�cient empty-space skipping.

Note that we use a single global neural model encompassing
the entire geometry, with a BVH to provide e�cient training and
ray inference in the near-�eld of the model. Since no geometrical
primitives, no textures, and only a shallow BVH need to be stored,
our method achieves signi�cant compression rates.

We begin by describing our representation and the practical need
for its adaptive probing (Section 4). We then present ourN -BVH
structure and its error-driven construction, which we extend to
support level-of-detail and further accelerate inference (Section 5).

4 NEURAL RAY QUERY
Given a set of geometric elements and their bounding box, we train
a neural model to answer intersection queries for rays that intersect
the box. Since our queries are low-dimensional, we adopt the cur-
rent state-of-the-art approach which consists in combining spatial
features with a small fully connected decoding module. Below we
detail the encoding of our queries, our neural model, as well as its
inference and training pipelines.

Motivation.The simplest way to parameterize our query is via
the ray-box entry and exit points; that is, to learn features on the
bounding box surface. Unfortunately, this encoding exhibits poor
correlation with the signal being learnt, i.e., the ray-intersection
point. The intuition is that it stores information far away from the
signal, which causes blur and loss in accuracy. We illustrate this
behavior in the inline �gure, where we focus on the yellow ray entry
point (the argument for the exit
point is analogous). On the left,
we see that rays going through
this point have vastly di�erent
intersections, and the model is
forced to aggregate (i.e., average)
information across all of them at the (yellow) encoding point. Mov-
ing the encoding point inwards (middle sub�gure) brings it closer
to the surface where the ray-intersection points correlate more with
one another. The ideal encoding location is then the intersection
itself where we need to learn information only about that one point.

Encoding, inference & training.In practice we obviously do not
know the intersection location�it is what we seek to compute;
we therefore resort to sampling the ray-box intersection interval
at several locations which parameterize our query. We collect a
set of features for each and decode the vector of concatenated
features via a small multi-layer perceptron (MLP) to obtain the
intersection response. The concatenationorderhere is critical as
it encodes the ray's direction. The features are stored in a spatial
multi-resolution hash grid [Müller et al. 2022]. We illustrate this
inference scheme in Fig. 3. We train the model by sampling the space
of potential rays that intersect a node. For each ray, we (i) sample
its origin uniformly within the 50%-in�ated scene bounding box,

Figure 3: Our neural ray query pipeline. We sample uni-
formly along a given ray-box intersection interval and at
each point collect features from a multi-resolution hash grid.
The concatenated features are fed to an MLP to obtain a recon-
structed signal (visibility, intersection, normal, appearance).

Figure 4: A surface textured with a square checkerboard,
observed orthographically at a 45 � angle. Reconstruction
quality is high when our neural representation is probed
close to the surface. Increasing the sampling rate along rays
reduces error, but at proportionately higher inference cost.

(ii) sample a uniform direction, and (iii) query our model. The
output is compared to the ground truth�obtained by intersecting
the actual geometry, and the measured loss is back-propagated to
the model's learnable parameters which are optimized via gradient
descent. The loss depends on the speci�c signal being inferred�
visibility, intersection, normal, etc.; we discuss the losses we use in
Section 5.2.

Sampling & reconstruction quality.Our ray encoding is obtained
via strati�ed point-sampling along the ray (see Fig. 3, left). We
observe that to obtain accurate reconstruction it su�ces that one
of these points lies close to the surface, as the MLP learns to extract
the relevant features from the concatenated vector. To maintain
good accuracy we thus need to probe the model close to the surface.
A naive way to achieve this is to increase the sampling rate along
the ray, as we demonstrate in Fig. 4. Unfortunately, denser sampling
also increases inference time, to query the features from the grid
and process them. OurN -BVH structure addresses this challenge.
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