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Abstract

We introduce a novel neural ray tracing method de-
signed for compact scene representations and real-
time rendering. To compress the scene with mini-
mal fidelity losses, we address the issue of limiting
the search space for intersections. For each scene
we first construct two lightweight proxy shells that
tightly bound the original surface from inside and
outside. While executing ray queries, we intersect
the rays with the shells and extract the regions that
potentially contain the intersection with the orig-
inal surface. Extracted regions are passed to the
small neural network to retrieve the exact intersec-
tion location. We implement our method as part
of a GPU-accelerated hybrid path tracing pipeline.
We demonstrate it running real-time rendering on
a variety of scenes, achieving up to 300x memory
reduction and surpassing existing compressed ray
tracing techniques in memory-quality trade-off.

1 Introduction

Modern rendering applications demand the storage and real-
time rendering of highly detailed geometry. Dominant indus-
try approaches rely on triangle meshes, which are relatively
cheap to evaluate but memory intensive [Maggiordomo e al.,
2023; Haydel et al., 2023]. Recent neural compression meth-
ods achieve favorable quality-to-size trade-offs but remain
computationally expensive forreal-time rendering [Takikawa
et al., 2021; Sivaram et al., 2024; Zhang et al., 2025; Chabra
et al., 2020]. Other works introduce compact spatial encod-
ing and enable relatively efficient sampling and queries [Kim
et al., 2024; Zakharov et al., 2024; Miiller et al., 2022;
Takikawa et al., 2022; Takikawa er al., 2023], yet they
are still costly for ray tracing, as multiple neural network
evaluations are required per ray query. Neural ray tracing
techniques reduce computational cost by limiting network
evaluations, operating directly on rays [Weier et al., 2024;
Fujieda et al., 2025].

In this paper, we introduce a neural ray tracing method'
that achieves real-time performance while surpassing exist-

"To access the code and additional materials, please see
https://github.com/Alehandreus/double-bounded-rt
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Figure 1: Designed for ray tracing, our method achieves high fidelity
and massive memory footprint reduction for selected geometry.

ing approaches in compression-to-quality trade-off. Our con-
tributions are as follows:

* We propose a novel neural geometry compression
method designed for ray tracing that achieves up to
300x memory reduction with minimal quality loss;

* We devise an algorithm that mitigates discontinuities in
the target function by splitting rays into multiple seg-
ments and evaluating them separately;

* We implement an efficient hybrid inference pipeline,
demonstrating real-time path tracing on complex scenes.


https://github.com/Alehandreus/double-bounded-rt
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Figure 2: Given the original surface, we generate two coarse bounding meshes. During ray tracing we intersect the rays with both shells,
extracting ray segments (a;, ¢;) and directions v; for further processing. a;, ¢;, and the midpoint b; are encoded with a multi-resolution hash
grid encoding. The direction vector v; is encoded with spherical harmonics. All embeddings are concatenated and passed to a small MLP that
provides the color, normal and distance to the intersection point, as well as a binary classification output indicating whether an intersection
exists within the segment. If there is no intersection, we consider the next segment on a ray.

2 Related Work

Neural ray tracing relies on extracting the intersection point
given both the origin and the direction of a ray [Fujieda ef al.,
2023]. Unlike a signed distance field, this function suffers
from discontinuities: for non-convex objects, a slight move-
ment of ray position can lead to a sharp change of the hit
point coordinates. Various encodings and auxiliary losses
were proposed to ensure consistency [Aumentado-Armstrong
etal., 2022; Feng et al., 2022; Liu et al., 2023].

Prior work has shown that the largest accuracy improve-
ments come from limiting the search space. [Fujieda er al.,
2025] encloses the original surface in a sparse voxel grid,
while [Weier et al., 2024] constructs a shallow BVH tree. The
network is then provided with the narrow region that poten-
tially contains the intersection point.

Howeyver, both voxels and BVH nodes form an uneven sur-
face; furthermore, axis-aligned bounding boxes cannot ensure
tight bounding for most geometries, exacerbating the discon-
tinuity issue.

3 Proposed Pipeline

To mitigate the problem of frequent bumps in the target func-
tion, we propose to enclose the original surface in two coarse
bounding meshes. For each target object, we construct an in-
ner and an outer shell using the Bounding Mesh algorithm
[Gaschler et al., 2015].

3.1 Rendering

During inference, only lightweight shells and the neural net-
work are available. For each ray, we first extract a region
possibly containing the intersection with the original surface.
The first point a; of a region is the entry point to the outer
shell. The second point c¢; is either the exit point from the
outer shell or the entry point to the inner shell, whichever is
closer to a;. Each new outer shell entry forms a new region
(Figure 2).

To improve sensitivity to small details, we spatially encode
the regions. The start a;, end ¢;, and middle b; points of a
region are encoded with a multi-resolution hash grid encod-
ing [Miiller ef al.; 2022]. The hash grid contains 16 levels of
2™ 4-dimensional features, n is left as a hyperparameter. The
direction of a ray v; is encoded with 16 spherical harmonics.
All embeddings are concatenated and passed to an MLP con-
taining 4 hidden layers of 128 neurons. The MLP outputs the
color, normal, distance to the intersection point, and a binary
classification result for the existence of an intersection point
between the ray and the original surface inside the segment.
To minimize the number of neural network evaluations, we
process all ray segments in order: we first traverse the full
BVH of coarse shells to extract the ray segment closest to the
ray origin. If the neural query classifies the segment as not
containing the intersection, we do another traversal pass to
extract the next segment.

The renderer is a wavefront path tracer implemented in
CUDA. To improve performance, we run neural inference
in half precision, perform ray compaction after each bounce
and neural query, and employ CUDA-OpenGL interoperation
to reduce transfers between host and device. Unlike [Weier
et al., 2024], our implementation does not require injecting
neural inference amid BVH traversal and takes advantage of
hardware-accelerated ray tracing for shell intersection.

Analogous to [Weier er al., 2024], our rendering frame-
work supports hybrid rendering of scenes with partial com-
pression. Each ray is traced against both uncompressed parts
of the scene and neural objects.

3.2 Training

We train in batches of 10° rays sampled dynamically. Di-
rections are generated as random unit vectors and origins are
sampled on the outer mesh surface to ensure good coverage
of the scene. We use Adam [Kingma and Ba, 2014] optimizer
with a learning rate of 10~ and train for 200k iterations with
EMA [Polyak and Juditsky, 1992]. We employ binary cross-
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Figure 3: Left and middle: ANDALUSIAN and EXHIBITION scenes at 1920x 1080 resolution. Corner images indicate compressed parts.
Right: CHESS scene at different compression rates. For each graph line, shells are fixed and hashgrid size iterates over 2'4, 216 and 218,

Uncompressed Ours N-BVH
Scene Size (MB) FPS Size MB) FPS{ FLIP| Size MB) FPS{ FLIP|
CHESS 296 594 8.70 115 0.0165 69 0.0278
ANDALUSIAN 204 267 9.97 61 0.0604 11.23 27 0.0722
EXHIBITION 2521 545 8.88 124 0.0147 ) 38  0.0274
STATUETTE 642 970 8.94 155  0.0049 97 0.0126

Table 1: Compared to N-BVH, our method demonstrates better quality at the same compression level and 1.6 — 3.2 x better performance. For
our method, we use hash grid of size 2'¢ (3.4 MB), outer shell of approximately 20k vertices and inner shell of 10k vertices (5-6 MB). For
N-BVH, we use hash grid of size 2'° (2.9 MB) and 275k nodes (8.33 MB). All performance metrics are reported for NVIDIA RTX 5090.

Original sizes are reported only for selected geometry.

entropy loss for the classification output, Ls loss for the color
and L4 loss for the distance and the normal. The final loss is
the weighted sum of all components:

L= Lcls -0.1+ Ldist -0.01 + Lnormal + Lcolor -10.

The training pipeline is implemented in PyTorch, with a cus-
tom CUDA library for BVH traversal. On a single NVIDIA
RTX 5090, training takes between 30 and 60 minutes depend-
ing on the scene.

4 Results

We compute the original memory cost as the sum of buffers
allocated for vertex positions, face indices, UV coordinates
and textures, as well as BVH nodes. After compression, we
consider inner and outer shells, which require only vertex po-
sitions and face indices, and the neural network parameters.
We evaluate our method on four scenes introduced in
[Weier et al., 2024] (Figure 1 for the CHESS scene and Figure
3 for others) and compare with N-BVH [Weier et al., 2024].
We configure our renderer to match the reference renderer of
N-BVH. For all scenes, we use hash grid of size 2! for both

methods. We also define space-limiting structures of both
methods to be approximately the same size: for our method,
we use outer shells of approximately 20k vertices and inner
shells of 10k vertices (5-6 MB), while for N-BVH we use
275k nodes (8.33 MB). Due to tighter bounding, our method
achieves significantly better quality at a slightly better com-
pression level. With our method being designed for hardware
RT, we achieve 1.6 — 3.2 better performance compared to
N-BVH (Table 1).

Towards higher precision, the shell size becomes the pri-
mary factor (Figure 3, right), suggesting the hashgrid is most
efficient at heavy compression configurations.

5 Conclusion

We propose a novel compressed ray tracing method fo-
cused on reducing the search space for intersection. Com-
pared to existing approaches, our method supports hardware-
accelerated ray tracing and is superior in both quality and per-
formance. The hybrid path tracing pipeline is efficient and
ready to be integrated into existing physically based render-
ing engines.
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