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Three splats for fields where radiance flows,
In convex forms their light bestows,

Smooth shapes that bend the hidden rays,
And render truth in subtle ways.

Three meshes wrought with solid might,
Opaque and firm in learned sight,

Differentiable, sharp and true,
They shape the world in shaded hue.

Three triangles swift, in real-time cast,
Through scenes that flicker, dense and vast,

They trace the light with speed and skill,
And bend perception to their will.

But one to bind them, edge and plane,
One form to rise, the rest to tame—

One triangle to rule them all,
One triangle to splat them all,
One triangle to bind them all,
And in the renderer enthrall.1

1This text was partially generated with ChatGPT.



Abstract

Recent advances in neural rendering have improved both the quality and efficiency of
novel view synthesis from multi-view images. In particular, 3D Gaussian Splatting
stands out by representing scenes with volumetric primitives and yielding high visual
fidelity in real time. Despite these successes, point-based primitives struggle with
sharp geometry, irregular surfaces, and integration with classical graphics pipelines.
This thesis addresses these limitations by investigating radiance field representations
based on alternative geometric primitives. The selection of a particular primitive sig-
nificantly affects reconstruction accuracy, rendering performance, and compatibility
with standard graphics pipelines. We introduce three complementary approaches
that progressively enhance visual quality and integration with graphics pipelines:
smooth convexes, triangles, and, finally, culminate in meshes.
First, we introduce 3D Convex Splatting, the first work to move beyond Gaussian
primitives by introducing smooth convex shapes. Compared to Gaussians, convex
shapes offer greater flexibility and more accurately represent flat surfaces and sharp
edges with fewer primitives. Coupled with an efficient CUDA rasterizer, it improves
fidelity while reducing memory usage.
Second, we revisit one of the most fundamental primitives in computer graphics:
the triangle. The main advantage of triangles is that they are fully compatible with
current rendering pipelines. Triangle Splatting develops a differentiable rendering
pipeline that enables direct optimization of triangles through end-to-end gradients.
It represents a promising first step toward mesh-aware neural rendering, bridging
decades of GPU-accelerated graphics with modern differentiable frameworks.
Finally, MeshSplatting extends this line of work by optimizing fully opaque, con-
nected triangles, jointly refining geometry and appearance through differentiable
rendering. This produces coherent surfaces that integrate seamlessly with real-time
rendering engines, enabling applications such as augmented and virtual reality with-
out any postprocessing.
Together, these contributions show that alternative primitives provide a powerful
complement to Gaussian-based radiance fields. By progressing from convex shapes
to triangles and finally to meshes, this thesis bridges neural rendering and classi-
cal computer graphics, enabling high-quality reconstruction, geometric consistency,
efficient rendering, and full compatibility with real-time rendering engines.
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The triangle is dead,
long live the triangle!



1. Research overview

This thesis summarizes the research conducted during my doctoral studies in com-
puter vision. Over the course of my PhD, my research evolved across two main
directions.
The first part of my research focused on the application of artificial intelligence
to sports analytics, with a particular emphasis on automated assistance for football
refereeing. As a football referee myself, I was particularly interested in how computer
vision methods could support referees in analyzing complex game situations. In this
context, the research explored how deep learning models can automatically detect
fouls, classify incidents, and provide decision support based on match footage.
In addition to recognizing incidents, the work also investigated how modern AI sys-
tems can generate explanations for their predictions to improve transparency and
trust in automated decision-making. This line of research resulted in the develop-
ment of the VARS and X-VARS frameworks, which combine video understanding
with explainable AI techniques to assist refereeing decisions. This work led to three
research papers presented in the appendix of this thesis.
The second part of my doctoral studies shifted toward a different challenge in com-
puter vision, initially also motivated by its application in football: reconstructing
and rendering 3D scenes from images. This problem is central to many applications,
including virtual and augmented reality, robotics, and digital content creation.
The main focus of this thesis is the second research direction, which investigates
3D scene reconstruction through radiance field representations based on explicit
primitives optimized via differentiable rendering. In particular, the thesis explores
splatting-based representations that progressively increase the geometric structure
of the underlying primitives, including smooth convexes, triangles, and meshes. By
introducing more structured primitives, these approaches aim to improve reconstruc-
tion quality, efficiency, and compatibility with traditional graphics pipelines.
Finally, while the approaches developed in this thesis are generic and applicable
to a wide range of 3D scenes, I have also explored their application to sports sce-
narios. This year, I co-organized the SoccerNet Novel View Synthesis Challenge,
which investigates the combination of radiance field rendering with football broad-
cast footage. In collaboration with EVS Broadcast, we constructed a dataset to
allow participants to generate novel viewpoints and evaluate their methods in real-
istic sports settings.
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2. Introduction

2.1. Introduction to novel view synthesis

Humans have an extraordinary ability to imagine the world from viewpoints they
have never directly observed. When looking at an image, we can often infer what
lies just outside the frame or how the scene would appear from a slightly different
angle. This intuitive understanding of 3D structure from limited observations is
fundamental to how we perceive and interact with our environment.
Reproducing this capability in machines has been a long-standing goal in computer
vision and computer graphics. The task, commonly referred to as novel view syn-
thesis, aims to generate images of a scene from previously unseen viewpoints, given
only a set of input observations. Figure 2.1 illustrates a typical setup in which a
scene is captured from multiple camera poses with the goal of rendering it from
previously unseen perspectives.

Figure 2.1.: Overview of novel view synthesis. The goal is to render the scene
from novel camera poses that were not observed during training, while preserving the
appearance and structure consistent with the input views. The image is taken from [10].

3



Achieving the long-standing goal of accurate novel view synthesis from a sparse
set of observations would fundamentally change how we interact with visual data.
Rather than being limited to static images or pre-recorded videos, scenes could
be represented as fully navigable environments in which viewpoints are no longer
constrained at capture time but generated on demand. This would enable a shift
from passive viewing to active exploration, allowing users to move freely within a
scene and observe it from arbitrary perspectives.
Such a capability has a wide range of application domains. In virtual and augmented
reality, it enables immersive experiences to be created from sparse image collections,
reducing the need for expensive capture setups. In robotics and autonomous sys-
tems, the ability to infer unseen viewpoints can improve scene understanding and
decision-making in partially observed environments. In movies and series, it enables
viewers to become more immersed in the narrative by exploring scenes from different
perspectives. In sports, it enables free-viewpoint replays, allowing key moments to
be visualized from any angle, thereby enhancing analysis, broadcasting, and viewer
experience.
The first major breakthrough in achieving high-quality novel view synthesis was
Neural Radiance Fields (NeRFs) [6]. In NeRFs, scenes are represented as continuous
volumetric functions learned directly from images. To render an image from a given
viewpoint, 5D coordinates are sampled along camera rays. These 5D coordinates
consist of the 3D spatial position x ∈ R3 and the 2D viewing direction (θ, ϕ).

Figure 2.2.: Overview of Neural Radiance Fields (NeRF). (Left) Images are ren-
dered by sampling 5D coordinates along camera rays. (Right) 5D coordinates are fed into
an MLP to produce a color and volume density. Modified image taken from [6].

Those 5D coordinates are then fed to an MLP, which predicts the RGB color and the
volume density σ. The volume density can be seen as how much a point contributes
to blocking or emitting light along a ray. Finally, the color of any ray passing
through the scene is rendered using principles from classical volume rendering [4].
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The rendered color C(r) of a camera ray r(t) = o + td is given by:

C(r) =
∫ tf

tn

T (t) σ(r(t)) c(r(t), d) dt , (2.1)

where
T (t) = exp

(
−

∫ t

tn

σ(r(s)) ds
)

, (2.2)

with tn and tf being the near and far bounds, and T (t) the accumulated transmit-
tance along the ray from tn to t. Figure 2.2 gives an overview of the method.
This approach produces extremely high-quality novel view synthesis results, but
early neural radiance field models rely on neural networks evaluated at a high num-
ber of samples along each ray. This leads to slow rendering speeds and limits their
applicability in interactive settings, as performance remains far from real-time re-
quirements.
To address this limitation, another representation has emerged that represents scenes
using collections of explicit primitives optimized through differentiable rendering.
3D Gaussian Splatting (3DGS) [5] demonstrated that scenes can be efficiently rep-
resented by thousands or millions of anisotropic Gaussian primitives.
More specifically, each Gaussian is defined by its 3D position x ∈ R3, covariance,
opacity, and color. For a given viewpoint, the 3D Gaussians are efficiently projected
into 2D image space by applying the corresponding camera transformation followed
by a differentiable projection of the 3D covariance into a 2D elliptical Gaussian in
screen space. Then, each of the N image space Gaussians is sorted according to
its depth (from front to back). The color of a pixel p is then obtained via alpha
compositing:

C(p) =
N∑

n=1
cnαn

n−1∏
j=1

(1 − αj) , (2.3)

where cn denotes the view-dependent color of the n-th Gaussian (typically modeled
using spherical harmonics and evaluated given the viewing direction), and αn is
the influence of the n-th Gaussian at pixel p in screen space. It is computed by
evaluating the projected 2D Gaussian at that pixel, multiplied by the learned opacity
parameter.
The entire rendering pipeline is fully differentiable, allowing image-space losses to
be computed directly against the training views. This enables gradients to propa-
gate back to the individual Gaussian parameters, which can then be optimized to
accurately reconstruct the scene from multiple viewpoints. Figure 2.3 illustrates the
individual 3D Gaussians in the scene representation, as well as the resulting final
RGB rendering.
A main advantage of 3D Gaussian Splatting is its highly efficient rendering. This
leads to significantly faster training and inference speeds, reaching several orders

5



Figure 2.3.: 3D Gaussian Splatting. (Left) Visualization of individual Gaussians in
the scene representation. (Right) Corresponding rendered RGB image obtained via dif-
ferentiable splatting. Image taken and modified from [9].

of magnitude improvement over neural radiance field-based approaches while main-
taining comparable reconstruction quality.
Despite their success, Gaussian-based splatting representations also present several
limitations. Because Gaussian primitives represent volumetric blobs in space, ac-
curately modeling sharp geometric structures such as edges and thin surfaces often
requires a large number of primitives. Moreover, these primitives tend to disperse
around surfaces rather than forming coherent geometric structures. With millions
of Gaussians representing a single scene, tasks such as mesh extraction, scene edit-
ing, or integration into standard graphics pipelines become challenging. This is
primarily because the representation remains inherently unstructured, with Gaus-
sians distributed in space rather than forming coherent surface geometry, making it
difficult to recover explicit meshes without postprocessing steps.
Moreover, this unstructured, volumetric formulation is fundamentally misaligned
with classical computer graphics pipelines, which are designed around explicit sur-
face primitives, most notably triangle or quad meshes. Rasterization pipelines as-
sume well-defined surfaces with clear visibility ordering, enabling efficient techniques
such as depth buffering, early-z rejection, and occlusion culling. In contrast, Gaus-
sian splatting represents pixel color through accumulated density and alpha blend-
ing, requiring primitives to be sorted and composited at render time. This not
only introduces additional computational overhead but also prevents the use of key
hardware-accelerated features of modern GPUs.
Consequently, Gaussian-based methods rely on custom rendering pipelines that by-
pass the fixed-function rasterization hardware, reducing efficiency and scalability
compared to mesh-based approaches. Their lack of explicit geometry limits com-
patibility with existing graphics ecosystems, including real-time rendering engines,
mesh editing tools, and simulation frameworks, all of which are built to operate on
structured surface representations.

6



2.2. Research objective

This thesis investigates the role of geometric primitives in radiance field represen-
tations and explores how novel primitives can improve reconstruction quality, effi-
ciency, and compatibility with traditional graphics pipelines. The central hypothesis
is that the choice of primitive strongly influences the properties of the resulting rep-
resentation. By progressively increasing the geometric structure of primitives, it is
possible to obtain representations that retain the advantages of splatting methods
while improving geometric consistency and practical usability.
To explore this idea, this thesis introduces three complementary approaches based on
increasingly structured primitives: smooth convex [3], triangles [2], and meshes [1].
The first contribution, presented in 3D Convex Splatting (3DCS), replaces Gaussian
primitives with smooth convex shapes for radiance field rendering. Convex primi-
tives provide greater geometric expressiveness and can represent planar surfaces and
sharp edges more effectively than Gaussian blobs. By combining these primitives
with an efficient CUDA-based rasterization pipeline, the method achieves improved
reconstruction quality while requiring fewer primitives and maintaining real-time
rendering performance.
The second contribution revisits one of the most fundamental primitives in com-
puter graphics: triangles. The work Triangle Splatting introduces a differentiable
rendering framework that enables direct optimization of triangle primitives through
end-to-end gradients. Instead of using triangles only for final surface extraction,
triangles themselves become the representation used during optimization. By ren-
dering triangles as differentiable splats, the method combines the efficiency and
hardware compatibility of triangle rendering with the adaptive density of primitive-
based radiance fields. This approach achieves high visual fidelity, fast convergence,
and high rendering throughput.
Finally, the thesis extends this progression toward connected geometry with Mesh-
Splatting, a mesh-based reconstruction framework that jointly optimizes geometry
and appearance through differentiable rendering. Starting from an unstructured set
of triangles, the method enforces mesh connectivity in a second stage using restricted
Delaunay triangulation, producing coherent surfaces.
As the final optimized mesh consists of fully opaque and discrete triangles, it is
directly compatible with real-time rendering engines, allowing efficient rasterization
via modern GPU pipelines, including hardware-accelerated depth testing, occlusion
culling, and shading. Moreover, the resulting representation integrates naturally
with existing graphics workflows, supporting downstream applications such as edit-
ing, simulation, and asset export without requiring additional conversion steps.
This representation bridges neural rendering techniques with traditional mesh-based
graphics pipelines used in applications such as augmented or virtual reality, and
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interactive 3D environments.
Taken together, these contributions form a unified exploration of structured primi-
tive representations for neural scene rendering. The thesis demonstrates that moving
beyond Gaussian-based primitives toward more structured geometric representa-
tions can significantly improve scene modeling, rendering efficiency, and compati-
bility with classical computer graphics. By integrating differentiable rendering with
structured geometric primitives, it opens the door to reconstruction methods that
combine the flexibility of neural representations with the practicality and efficiency
of mesh-based graphics pipelines.

2.3. Contributions

2.3.1. List of publications

Publications included in this thesis:

Chapter 3 Jan Held, Sanghyun Son, Renaud Vandeghen, Daniel Rebain, Matheus Gade-
lha, Yi Zhou, Anthony Cioppa, Ming C. Lin, Marc Van Droogenbroeck, and
Andrea Tagliasacchi. MeshSplatting: Differentiable rendering with opaque
meshes. In IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Denver, CO, USA, Jun. 2026

Chapter 4 Jan Held*, Renaud Vandeghen*, Adrien Deliège, Daniel Hamdi, Abdullah
Rebain, Silvio Giancola, Anthony Cioppa, Andrea Vedaldi, Bernard Ghanem,
Andrea Tagliasacchi, and Marc Van Droogenbroeck. Triangle splatting for
real-time radiance field rendering. In Int. Conf. 3D Vis. (3DV), pages 1–10,
Vancouver, Can., Mar. 2026.

Chapter 5 Jan Held*, Renaud Vandeghen*, Abdullah Hamdi*, Adrien Deliège, An-
thony Cioppa, Silvio Giancola, Andrea Vedaldi, Bernard Ghanem, and Marc
Van Droogenbroeck. 3D convex splatting: Radiance field rendering with 3D
smooth convexes. In IEEE/CVF Conf. Comput. Vis. Pattern Recognit.
(CVPR), pages 21360–21369, Nashville, TN, USA, Jun. 2025

Publications included in Appendix A:
Section A.4 Jan Held*, Anthony Cioppa*, Silvio Giancola*, Abdullah Hamdi, Bernard

Ghanem, and Marc Van Droogenbroeck. VARS: Video assistant referee system
for automated soccer decision making from multiple views. In IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. Work. (CVPRW), pages 5086–5097,
Vancouver, Can., Jun. 2023.

Section A.5 Jan Held*, Hani Itani*, Anthony Cioppa, Silvio Giancola, Bernard Ghanem,
and Marc Van Droogenbroeck. X-VARS: Introducing explainability in foot-
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ball refereeing with multi-modal large language models. In IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. Work. (CVPRW), pages 3267–3279, Seattle,
WA, USA, Jun. 2024.

Section A.6 Jan Held, Anthony Cioppa, Silvio Giancola, Abdullah Hamdi, Christel De-
vue, Bernard Ghanem, and Marc Van Droogenbroeck. Towards an AI-powered
video assistant referee system (VARS) for association football. In Scand. Conf.
Image Anal. (SCIA), volume 15725 of Lect. Notes Comput. Sci., pages 295-
309, 2025.

Publications not included in this thesis:

• Victor Rong*, Jan Held*, Victor Chu, Daniel Rebain, Marc Van Droogen-
broeck, Kiriakos N. Kutulakos, Andrea Tagliasacchi, and David B. Lindell.
Nexels: Neurally-textured surfels for real-time novel view synthesis with sparse
geometries. arXiv, abs/2512.13796, 2025.

• Victor Gaspar, Anthony Cioppa, Jan Held, Silvio Giancola, Marc Braham,
Adrien Deliège, Bernard Ghanem, and Marc Van Droogenbroeck. An end-
to-end pipeline for virtual banner replacement in football broadcasts. In
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. Work. (CVPRW), pages
5872–5883, Nashville, TN, USA, Jun. 2025.

• Anais Halin, Sebastien Pierard, Renaud Vandeghen, Benoit Gerin, Maxime
Zanella, Martin Colot, Jan Held, Anthony Cioppa, Emmanuel Jean, Gian-
luca Bontempi, Said Mahmoudi, Benoit Macq, and Marc Van Droogenbroeck.
Physically interpretable probabilistic domain characterization. In Asian Conf.
Comput. Vis. Work. (ACCV Work.), volume 15482 of Lect. Notes Comput.
Sci., pages 17–35, Hanoi, Vietnam., 2025

• Jan Held, Anthony Cioppa, Silvio Giancola, Elaf Almahmoud, Katherine M.
Collins, Umang Bhatt, Bernard Ghanem, and Marc Van Droogenbroeck. En-
hancing football refereeing with AI: VARS and X-VARS for assisted decision-
making. In MathSport Conference, Luxembourg, Jun. 2025.

• Silvio Giancola, Anthony Cioppa, Marc Gutierrez-Perez, Jan Held, Carlos
Hinojosa, Victor Joos, Arnaud Leduc, Bernard Ghanem, Marc Van Droogen-
broeck, and et al.. SoccerNet 2025 challenges results. arXiv, abs/2508.19182,
2025

• Anthony Cioppa, Silvio Giancola, Vladimir Somers, Victor Joos, Floriane
Magera, Jan Held, Bernard Ghanem, Marc Van Droogenbroeck, and et al.
SoccerNet 2024 challenges results. arXiv, abs/2409.10587, 2024.

• Sushant Gautam, Mehdi Houshmand Sarkhoosh, Jan Held, Cise Midoglu,
Anthony Cioppa, Silvio Giancola, Vajira Thambawita, Michael A. Riegler,
Pal Halvorsen, and Mubarak Shah. SoccerNet-Echoes: A soccer game audio

* means equal contribution
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commentary dataset. Int. Symp. Multimedia (ISM), pages 71–78, Dec. 2024.
• Anthony Cioppa, Silvio Giancola, Vladimir Somers, Floriane Magera, Xin

Zhou, Hassan Mkhallati, Adrien Deliege, Jan Held, Carlos Hinojosa, Amir
M. Mansourian, Pierre Miralles, Olivier Barnich, Christophe De Vleeschouwer,
Alexandre Alahi, Bernard Ghanem, Marc Van Droogenbroeck, and et al. Soc-
cerNet 2023 challenges results. Sports Eng., 27(2):1–18, Jul. 2024.

2.3.2. Software contributions and community recognition

A major contribution of this thesis was the open access release of all code, enabling
researchers to build on top of our work. On GitHub, 3D Convex Splatting, Triangle
Splatting, and MeshSplatting have achieved a combined total of 2,000 stars, with
Triangle Splatting alone reaching 1,100.
In addition to the GitHub recognition, the work has also attracted attention from the
broader AI community. Several independent videos have been widely viewed. Most
notably, a video by an AI content creator, The Future of 3D Is... Triangles?!, ex-
plains Triangle Splatting and its improvements over Gaussian Splatting and has ac-
cumulated over 180,000 views: https://www.youtube.com/watch?v=F0H3NAHP9r0.
Finally, the work presented in this thesis has also received recognition at major
conferences. 3D Convex Splatting was selected as a Highlight paper at CVPR 2025.
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3. 3D Convex Splatting

3.1. Context

3D Gaussian Splatting has recently transformed the field of real-time novel view
synthesis by enabling high-quality scene reconstruction using a large set of explicit
primitives. In 3DGS, a scene is represented with millions of 3D Gaussians, which
can be efficiently optimized in less than an hour and rendered in real time while
maintaining high visual quality.
Despite these advantages, 3D Gaussian Splatting exhibits several inherent limita-
tions. Due to their smooth, rounded nature, Gaussians lack well-defined physical
boundaries, making them poorly suited for representing sharp edges and surfaces.

Figure 3.1.: Reconstruction of Simple Shapes: Comparison of 3D Gaussians vs.
3D Convexes. Smooth convex primitives are more expressive and can reconstruct simple
shapes more accurately than Gaussians. Smooth convexes can form sharper geometric
boundaries and are even capable of approximating Gaussian primitives. For 3D Convex
Splatting (3DCS), the red lines indicate the convex hull, while the black dots represent
the underlying point set. For 3DGS, the black dots denote the Gaussian centers.
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As a result, accurately reconstructing high-frequency details or planar surfaces often
requires a large number of overlapping Gaussians and higher memory consumption.
This raises the question: are 3D Gaussians the best primitive for novel view synthe-
sis?
In this chapter, we address this question by introducing 3D smooth convexes as
a novel geometric primitive. In contrast to Gaussians, smooth convex primitives
provide greater expressiveness and structural control. They are capable of forming
compact, dense volumes that more accurately capture sharp features and detailed
surfaces using fewer primitives.
A key aspect of our formulation is the introduction of explicit smoothness and sharp-
ness parameters, which provide independent control over curvature and boundary
transitions. This allows the representation to continuously interpolate between dif-
fuse and sharply defined shapes, significantly expanding the range of geometries
that can be modeled efficiently. As a result, complex structures that would oth-
erwise require a large number of Gaussians can be captured using a smaller set of
smooth convex primitives. Figure 3.1 illustrates the reconstruction capabilities on
a simple 2D toy example. It shows that Gaussians struggle to accurately represent
sharp geometry and require a large number of primitives to approximate sharp edges
accurately. In contrast, smooth convex representations are expressive enough to re-
construct sharp boundaries while also capturing smooth transitions, and can even
approximate Gaussian-like structures.
Beyond visual quality and memory efficiency, computational performance is a main
factor. To this end, we adapt the Gaussian GPU-based rendering pipeline to sup-
port efficient splatting of smooth convexes. This implementation preserves real-
time rendering capabilities while maintaining full differentiability, enabling efficient
gradient-based optimization of smooth convexes.
Finally, and most importantly, introducing 3D smooth convexes as a new primitive
demonstrates that the design space of splatting-based representations extends well
beyond Gaussians. By moving away from the constraints inherent to Gaussian for-
mulations, this work shows that alternative primitives can exhibit fundamentally
different geometric and rendering properties. 3D Convex Splatting establishes the
technical foundation for the subsequent developments in this thesis, including Tri-
angle Splatting and MeshSplatting.

3.2. Scientific contributions

We summarize our main contributions as follows:

(i) We introduce 3D Convex Splatting, a novel radiance field representation based
on 3D smooth convex primitives. To the best of our knowledge, it is the first
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real-time rendering approach built on non-Gaussian primitives.
(ii) We develop a differentiable, GPU-based rendering framework for smooth con-

vexes, enabling high-quality 3D scene reconstruction from multi-view images
while maintaining real-time rendering performance.

(iii) We establish a foundation for subsequent research, with 3D Convex Splatting
serving as the basis for follow-up work by other researchers, as well as for the
methods presented in Chapters 4 and 5.

3.3. Publication and recognition

The work included in this chapter was published as:
Jan Held*, Renaud Vandeghen*, Abdullah Hamdi*, Adrien Deliège, Anthony
Cioppa, Silvio Giancola, Andrea Vedaldi, Bernard Ghanem, and Marc Van Droogen-
broeck. 3D Convex Splatting: Radiance Field Rendering with 3D Smooth Convexes.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
Nashville, USA, 2025.
The paper was accepted as a Highlight paper at CVPR 2025.
Author contribution. As a lead author, I co-designed the method, implemented
major components of the training pipeline, and conducted experiments and analysis.
Renaud Vandeghen supported the work through numerous discussions, assisted with
running and validating experiments, and benchmarking concurrent work. Abdullah
Hamdi contributed with his expertise by providing valuable guidance and scientific
feedback throughout the development of the project.
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3D Convex Splatting: Radiance Field Rendering with 3D Smooth Convexes
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Abstract

Recent advances in radiance field reconstruction, such
as 3D Gaussian Splatting (3DGS), have achieved high-
quality novel view synthesis and fast rendering by repre-
senting scenes with compositions of Gaussian primitives.
However, 3D Gaussians present several limitations for
scene reconstruction. Accurately capturing hard edges is
challenging without significantly increasing the number of
Gaussians, creating a large memory footprint. Moreover,
they struggle to represent flat surfaces, as they are diffused
in space. Without hand-crafted regularizers, they tend to
disperse irregularly around the actual surface. To circum-
vent these issues, we introduce a novel method, named 3D
Convex Splatting (3DCS), which leverages 3D smooth con-
vexes as primitives for modeling geometrically-meaningful
radiance fields from multi-view images. Smooth convex
shapes offer greater flexibility than Gaussians, allowing
for a better representation of 3D scenes with hard edges
and dense volumes using fewer primitives. Powered by
our efficient CUDA-based rasterizer, 3DCS achieves supe-
rior performance over 3DGS on benchmarks such as Mip-
NeRF360, Tanks and Temples, and Deep Blending. Specif-
ically, our method attains an improvement of up to 0.81 in
PSNR and 0.026 in LPIPS compared to 3DGS while main-
taining high rendering speeds and reducing the number of
required primitives. Our results highlight the potential of
3D Convex Splatting to become the new standard for high-
quality scene reconstruction and novel view synthesis. The
project page is https://convexsplatting.github.io

1. Introduction
Reconstructing complex scenes and synthesizing novel
views have been fundamental challenges in computer vision
and graphics for decades [1, 12], with applications ranging
from virtual reality to autonomous navigation [17, 34, 38].
Neural Radiance Fields (NeRF) [36] revolutionized this
area by representing scenes as continuous volumetric radi-
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Figure 1. 3D Convex Splatting for Novel View Synthesis. We
introduce a novel primitive-based pipeline for novel view synthe-
sis with 3D smooth convexes. Our 3D smooth convexes share the
rendering speed of 3D Gaussians [25] and the flexible represen-
tation of smooth convexes [9]. As a result, 3D Convex Splatting
better reconstructs scenes with fewer primitives.

ance fields, which are optimized to render novel views at
high-quality. However, NeRF suffered from slow training
and rendering times, limiting its practicality. To address
these issues, 3D Gaussian Splatting (3DGS) [25] emerged
as an efficient alternative, by representing scenes with mil-
lions of 3D Gaussian primitives. 3DGS significantly accel-
erated training and enabled real-time rendering while main-
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taining high-quality outputs.
Despite this progress, Gaussian primitives have two in-

herent limitations. (1) Gaussians lack defined physical
boundaries, making them unsuitable for accurately repre-
senting flat surfaces or enabling physically meaningful de-
compositions of scenes. (2) In addition to their specific
smoothness and rounded nature, Gaussians are inadequate
for capturing hard edges and geometric structures. Each
Gaussian behaves similarly to an ellipsoid, with a symmet-
rical distribution, struggling to conform to angular bound-
aries or flat surfaces. This inherent limitation is highlighted
by the sphere packing problem in computer graphics [8, 16],
where densely packed spherical or ellipsoidal shapes leave
gaps and result in inefficient coverage, especially along flat
or sharp corners. As with spheres or ellipsoids, an impracti-
cally large number of Gaussian primitives would be needed
to fill space without gaps, leading to increased memory con-
sumption and computational overhead.

To overcome these limitations, we propose a novel
method called 3D Convex Splatting (3DCS), which lever-
ages 3D smooth convexes as primitives for modeling and
reconstructing geometrically accurate radiance fields from
multi-view images. 3D smooth convexes offer greater flex-
ibility than Gaussians, as they can form dense volumes that
accurately capture hard edges and detailed surfaces using
fewer primitives. Figure 1 illustrates this point, showing
that 3DCS enables the rendering of 3D smooth convexes
to generate high-quality novel views of complex scenes.
Moreover, by incorporating smoothness and sharpness pa-
rameters, we can control the curvature and the diffusion of
the smooth convexes, respectively. This enables the creation
of shapes that are hard or soft, dense or diffuse. Figure 2
shows a toy example of how smooth convexes can represent
a chair with hard edges with far fewer elements than Gaus-
sians, while utilizing the same optimization. For novel view
synthesis, we merge the benefits of the fast rendering pro-
cess from Gaussians [25], with the flexibility of 3D smooth
convexes [9]. We achieve this by rendering 3D smooth con-
vexes using our efficient CUDA-based rasterizer, which en-
ables real-time rendering and accelerates the optimization
process. To the best of our knowledge, 3D Convex Splatting
is the first method to leverage differentiable smooth convex
shapes for novel view synthesis on realistic scenes, outper-
forming previous methods that use other primitives.

Contributions. We summarize our contributions as fol-
lows: (i) We introduce 3D Convex Splatting (3DCS), uti-
lizing 3D smooth convexes as novel primitives for ra-
diance field representation, addressing the limitations of
Gaussian primitives in capturing dense volumetric features.
(ii) We develop an optimization framework and a fast,
differentiable GPU-based rendering pipeline for our 3D
smooth convexes, enabling high-quality 3D scene represen-
tations from multi-view images and high rendering speeds.

GS:
Pos: 2
Rot: 1
Scale:2
Opac:1
Color: 3
Tot: 9

CS:
Pos: 6x2
Sigma: 1
Delta: 1
Opac: 1
Color: 3
Tot: 18

54 72

# of 
Primitives 4 8 10 206

36 180

72 108 144

90

180 360

Input 
Image 

# of Parameters

G
aussians

C
onvexes

Figure 2. Toy Experiment of Modeling a Chair. For the chair
input image, we use Gaussians and smooth 6-point convexes to fit
the chair with an increasing number of primitives. Note how the
convexes efficiently represent the chair with fewer parameters.

(iii) 3DCS surpasses existing rendering primitives on Mip-
NeRF360, Tanks and Temples, and Deep Blending datasets,
achieving better performance than 3D Gaussian Splatting
while using a reduced number of primitives per scene.

2. Related Work

Neural radiance fields (NeRF). Recovering the 3D struc-
ture of a scene from images captured from multiple view-
points is a fundamental problem in computer vision [1, 12].
The introduction of Neural Radiance Fields (NeRF) [36]
revolutionized this field by representing scenes as volumet-
ric radiance fields, enabling high-quality novel view synthe-
sis [2, 3, 46]. NeRF employs multi-layer perceptrons to en-
code scene geometry and view-dependent appearance, opti-
mized via photometric loss through volume rendering [10,
23, 29, 35]. Enhancements to NeRF include grid-based rep-
resentations for faster training [6, 13, 37, 45], baking tech-
niques for accelerated rendering [20, 42, 43, 47], as well
as addressing challenges such as antialiasing [3, 4], model-
ing unbounded scenes, and adapting to few-shot [11, 22, 26]
and one-shot settings [5, 48]. In this work, we do not rely on
neural networks to model radiance fields like other NeRFs,
but instead optimize 3D smooth convexes to fit 3D scenes
efficiently. Yet, 3D Convex Splatting allows for strong mod-
eling capacity that rivals MipNeRF-360 [3] in visual fidelity
but with real-time rendering speed.
Primitive-based differentiable rendering. Differentiable
rendering techniques enable gradient computation through
the rendering pipeline, facilitating the optimization of scene
parameters from image observations [15, 24, 30–32]. Neu-
ral point-based rendering [24] represents scenes with points
that store learned features for geometry and texture. 3D
Gaussian Splatting (3DGS) [25] introduces Gaussian prim-
itives parameterized by positions, covariances, and ap-
pearance attributes. By optimizing millions of Gaussians,
3DGS and achieves high-quality rendering with signifi-
cantly faster training times and real-time rendering capa-
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Figure 3. Convex Splatting Pipeline. The 3D smooth convex is represented with a point set that is projected in the 2D camera plane. We
extract the line-delimited convex hull of the projected points and define the signed distance function for each line. The lines are combined
to define an indicator function for each pixel based on smoothness δ and sharpness σ of the 3D convex. The pipeline is differentiable
end-to-end, which allows the parameters of the smooth convex primitives to be optimized based on the rendered images.

bilities. Enhancements to this approach include antialias-
ing techniques [49], and extensions to dynamic scene mod-
eling [33]. However, Gaussian primitives have inherent
limitations due to their very specific smoothness, making
it challenging to capture hard edges and dense volumet-
ric structures without significantly increasing the number
of primitives. This leads to increased memory consump-
tion and computational overhead, hindering scalability and
efficiency. Alternative primitives have been explored to im-
prove geometric representation. GES [18] utilizes gener-
alized exponential functions to better capture signals with
harder edges. 2D Gaussian splatting [21] collapses the 3D
Gaussians into oriented planar Gaussians to better repre-
sent surfaces. In our work, we introduce 3D smooth convex
shapes as a novel primitive for real-time rendering of novel
views. These shapes address the limitations of the Gaussian
primitives by efficiently capturing dense volumetric shapes.

Convex shapes. Convex shapes have been extensively stud-
ied in computer graphics and computer vision due to their
geometric simplicity and flexibility in representing com-
plex objects [14, 41]. In 3D reconstruction, convex shape
representations have proven highly effective for decom-
posing complex structures into simpler components like
planes, spheres, cubes, cylinders, and superquadrics [40].
CvxNet [9] and BSP-Net [7] introduce neural networks that
learn hyperplanes to construct flexible convex shapes, en-
abling more accurate differentiable modeling of geometries
with primitives. A concurrent work utilizes rigid convex
polyhedra and differentiable mesh rendering to fit simple
3D shapes with few primitives using multi-view supervi-
sion [44]. However, these methods are limited to simple
shapes with few optimized primitives and do not scale to
large scenes or allow for accurate novel view synthesis.

In our work, we introduce splatting-based rasterization
with an array of smooth, high-capacity primitives. This al-
lows us to achieve rendering fidelity levels comparable to
volume rendering techniques in modeling complex scenes.

3. Methodology
3D Convex Splatting (3DCS) combines smooth convexes
(Sec. 3.1) from CvxNet [9] with the primitive-based repre-
sentation from 3DGS [25] for efficient, real-time novel view
synthesis. 3DCS uses a point-based convex shape represen-
tation and convex hull operations to enable straightforward
differentiable projection of 3D convex shapes onto the 2D
image plane (Sec. 3.2). Further operations for smoothing,
splatting, and adaptive densification are used to optimize
the representation from posed images (Sec. 3.3). Figure 3
shows an overview of our convex splatting pipeline.

3.1. Preliminaries on 3D Smooth Convexes

Following CvxNet [9], we define a convex polyhedron with
J planes (J > 3). We define the signed distance Lj(p)
between a point p ∈ R3 and a plane Hj as follows:

Lj(p) = nj · p+ dj (1)

with nj being the plane normal pointing towards the outside
of the shape and dj its offset. The signed distance from p
to the convex shape is calculated as the maximum of all the
J distances defined by ϕ̃(p) = maxj=1,··· ,J Lj(p). How-
ever, to create a smooth representation of the convex shape,
we use a smooth approximate signed distance function ϕ(p)
≈ ϕ̃(p) using the LogSumExp function from CvxNet [9]:

ϕ(p) = log




J∑

j=1

exp (δ Lj(p))


 , (2)

where the smoothness parameter δ > 0 controls the curva-
ture of the convex approximation. Larger values of δ ap-
proximate ϕ(p) to ϕ̃(p) more closely, resulting in harder
edges, while smaller values soften the vertices.

The indicator function I(p) of the smooth convex is then
defined by applying a sigmoid function to the approximate
signed distance function [9]:

I(p) = Sigmoid (−σ ϕ(p)) , (3)

17



(soft) δ (hard)

(d
iff

us
e)

σ
(d

en
se

)

Figure 4. Effects of δ and σ on Splatting. The smoothness δ char-
acterizes vertices and edges, from soft to hard, while the sharpness
σ characterizes radiance field transitions, from diffuse to dense.

where the sharpness parameter σ > 0 controls how rapidly
the indicator function transitions at the boundary of the
underlying convex shape. Higher values of σ result in a
steeper transition, making the shape’s boundary more de-
fined, whereas lower values result in a more diffuse shape.
At the boundary of the convex shape, where ϕ(p) = 0, the
indicator function of the smooth convex satisfies I(p) =
0.5. More details about smooth convexes can be found
in [9]. Fig. 4 illustrates the effect of sharpness σ and
smoothness δ on the indicator function I(.).

3.2. 3DCS: Splatting 3D Smooth Convexes

Point-based 3D convex shape representation. Plane-
based representations of 3D convexes are impractical for
camera plane projections. Unlike CvxNet [9], we define
a 3D convex as the convex hull of a 3D point set S =
{p1,p2, . . . ,pK}. During optimization, the 3D points can
move freely, allowing for flexible positioning and morphing
of the convex shape. Note that this set of K points does not
necessarily correspond to the explicit vertices of a convex
polyhedron, but rather the hull of the 3D convex shape.
Differentiable projection onto the 2D image plane. To be
efficient, we do not explicitly build the 3D convex hull and
project it into 2D, but instead, we project the 3D points into
2D and then construct its 2D convex hull. Specifically, we
project each 3D point pk ∈ S onto the 2D image plane us-
ing the pinhole perspective camera projection model. The
projection involves the intrinsic camera matrix K and ex-
trinsic parameters (rotation R and translation t):

qk = K (Rpk + t) , ∀k = 1, 2, . . . ,K . (4)

This projection is differentiable, allowing gradients to flow
back to the 3D points during optimization.
2D convex hull computation. To construct the convex
shape in 2D, we apply the Graham Scan algorithm [14],
which efficiently computes the convex hull by retaining
only the points that define the outer boundary of the pro-
jected shape. This approach ensures that the 2D projection

accurately represents the convex outline needed for render-
ing. The Graham Scan starts by sorting the points based on
their polar angle relative to a reference point. After sort-
ing, the Graham Scan algorithm is applied to construct the
convex hull by iteratively adding points to the hull while
maintaining convexity. The convexity is ensured by check-
ing the cross product of the last two points qi and qj on the
convex hull and the current point qk, removing points that
form a right turn (negative cross product).
Differentiable 2D convex indicator function. We define
the 2D convex indicator function of our convex hull by ex-
tending the smooth convex representation from 3D to 2D,
reusing the equations introduced in Sec. 3.1. We define
ϕ(q) and I(q) as in Eqs. (2) and (3), but replace the 3D
point p with the 2D point q and the planes delimiting the
3D convex hull by the lines delimiting the resulting 2D con-
vex hull. The parameters σ and δ are inherited from the 3D
smooth convex (from Eqs. (2) and (3)) and still control the
sharpness and smoothness of the projected 2D shape bound-
aries. To account for perspective effects in the 2D projec-
tion, we scale δ and σ by the distance d, ensuring that the
appearance of the convex shape remains consistent with re-
spect to its distance to the camera.
Efficient differentiable rasterizer. To enable real-time
rendering, we build our rasterizer following the 3DGS tile-
based rasterizer [25], which allows for efficient backpropa-
gation across an arbitrary number of primitives. All compu-
tations, including 3D-to-2D point projection, convex hull
calculation, line segment definition, and indicator func-
tion implementation—are fully differentiable and executed
within our custom CUDA kernels to maximize efficiency
and rendering speed. During rendering, we rasterize the 3D
shape into the target view using α-blending. For a given
camera pose θ and N smooth convexes to render each pixel
q, we order the N convexes by sorting them according to in-
creasing distance defined from the camera to their centers,
and compute the color value for each pixel q:

C(q) =

N∑

n=1

cnonI(q)

(
n−1∏

i=1

(1− oiI(q))

)
, (5)

where cn is the color of the n-th smooth convex, stored as
spherical harmonics and converted to color based on the
pose θ, on the opacity of the n-th shape, and I(q) is the
indicator function adapted to our case from Eq. (3).

3.3. Optimization

Initialization and losses. We optimize the position of each
point set in 3D, δ and σ parameters, the opacity o, and the
spherical harmonic color coefficients c. To constrain opac-
ity within the range [0, 1], we apply a sigmoid activation
function. For δ and σ, we use an exponential activation to
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Figure 5. Adaptive Convex Densification Scheme. We divide
each convex, here exemplified with K = 8 points, into as many
scaled-down occurrences of the convex, centered at the initial
points, each with reduced opacity.

ensure their values remain positive. We initialize each con-
vex shape with a set of points uniformly distributed around
a sphere centered in the points of the point cloud, using the
Fibonacci sphere algorithm. We define the size of each con-
vex shape based on its average distance to the three nearest
smooth convexes. This results in smaller smooth convexes
in densely populated regions and larger shapes in sparser ar-
eas, allowing for adaptive scaling based on local geometry.
Following the approach used in 3DGS, we apply a standard
exponential decay scheduling technique for the learning rate
similar to Plenoxels [13], but only for optimizing the posi-
tion of the 3D points. We experimented with applying this
technique to δ and σ as well, but we did not observe any per-
formance improvements. During training, we use the same
regularization loss Lm as in [28] to reduce the number of
convexes. Our final loss function combines L1 with a D-
SSIM term and the loss for the mask, following [28]:

L = (1− λ)L1 + λLD-SSIM + βLm , (6)

where λ controls the balance between L1 and LD-SSIM. For
all tests, we use λ = 0.2 as in 3DGS [25] and β = 0.0005.
Adaptive convex shape refinement. The initial set of
smooth convexes is generated from a sparse point set ob-
tained through Structure-from-Motion. Since this initial
number of smooth convexes is insufficient to accurately
represent complex scenes, we employ an adaptive control
mechanism to add smooth convexes dynamically. In 3DGS,
additional Gaussians are introduced by splitting or cloning
those with large view-space positional gradients. However,
in 3DCS, positional gradients do not consistently corre-
spond to regions with missing geometric features (“under-
reconstruction”) or areas where convexes over-represent
large portions of the scene (“over-reconstruction”). Instead,
we observe that 3DCS exhibits a large sharpness σ loss
in both under-reconstructed and over-reconstructed regions.
Rather than cloning and differentiating between small and
large shapes, we consistently split our smooth convexes. In-
stead of splitting a smooth convex into just two new con-
vexes, we split it directly into K new convexes. Each new
convex shape is scaled down, and the centers of these new

Ground 3DGS [25] 3DCS (N = 1).
Truth (N = 1) (N = 8) (K = 3) (K = 6)

Figure 6. Reconstruction of Simple Shapes with Primitives.
Smooth convex primitives reconstruct simple shapes better than
Gaussians, as they can create sharper geometric boundaries. For
3DCS, the red lines describe the convex hull, whereas the black
dots represent the point set. For 3DGS, the black dots represent
the Gaussian centers.

convexes correspond to the K points defining the initial
convex shape. By placing the centers of the new convexes
at the 3D points of the initial convex shape, we ensure that
the new shapes collectively cover the volume of the origi-
nal convex to maintain the overall completeness of the 3D
representation (see Fig. 5 for illustration). To encourage
the formation of denser volumetric shapes during optimiza-
tion, we increase the sharpness σ throughout splitting, while
keeping the smoothness δ the same. We prune convexes that
have an opacity lower than a predefined threshold and con-
vexes that are too large. More details are provided in the
experimental setup Sec. 4.2.

4. Experiments
We first evaluate 3D Convex Splatting (3DCS) with syn-
thetic experiments to showcase its superior shape represen-
tation over Gaussian primitives. Then, we describe the real-
world setup, including tasks, datasets, baselines, metrics,
and implementation, followed by results on novel view syn-
thesis and an ablation study.

4.1. Experiments on Synthetic Data

Figure 6 compares the representation capabilities of using
1 or 8 Gaussian primitives against using a single convex
shape defined by 3 or 6 points. The results demonstrate
that smooth convexes effectively approximate a wide range
of shapes, including both polyhedra and Gaussians, while
requiring fewer primitives for accurate representation.

4.2. Experimental Setup

Datasets. To evaluate 3DCS on real-world novel view
synthesis, we use the same datasets as 3DGS [25]. This
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Dataset Tanks&Temples Deep Blending Mip-NeRF360 Dataset
Method—Metric LPIPS↓ PSNR↑ SSIM↑ Train↓ FPS↑ Mem↓ LPIPS↓ PSNR↑ SSIM↑ Train↓ FPS↑ Mem↓ LPIPS↓ PSNR↑ SSIM↑ Train↓ FPS↑ Mem↓

Instant-NGP[37] 0.305 21.92 0.745 7m 14.4 48MB 0.390 24.96 0.817 8m 2.79 48MB 0.331 25.59 0.699 7.5m 9.43 48MB
ZipNeRF[4] - - - - - - - - - - - - 0.189 28.54 0.828 5h 0.184 569MB
Mip-NeRF360[3] 0.257 22.22 0.759 48h 0.14 8.6MB 0.245 29.40 0.901 48h 0.09 8.6MB 0.237 27.69 0.792 48h 0.06 8.6MB
3DGS[25] 0.183 23.14 0.841 26m 154 411MB 0.243 29.41 0.903 36m 137 676MB 0.214 27.21 0.815 42m 134 734MB
GES [18] 0.198 23.35 0.836 21m 210 222MB 0.252 29.68 0.901 30m 160 399MB 0.250 26.91 0.794 32m 186 377MB
2DGS[21]† 0.212 23.13 0.831 14m 122 200MB 0.257 29.50 0.902 28m 76 353MB 0.252 27.18 0.808 29m 64 484MB

3DCS (light) 0.170 23.71 0.842 46m 40 83 MB 0.245 29.61 0.901 84m 30 110 MB 0.266 26.66 0.769 53m 47 77MB
3DCS 0.157 23.95 0.851 60m 33 282MB 0.237 29.81 0.902 71m 30 332 MB 0.207 27.29 0.802 87m 25 666MB

Table 1. Comparative Analysis of Novel View Synthesis Methods. We conduct a quantitative comparison of our 3DCS method across
three datasets. 3DCS achieves higher-quality results in novel view synthesis with reduced memory consumption, all while achieving fast
rendering performance. No codebooks or post-processing compression [28, 39] are used to reduce the size of any of the methods. The best
performances are shown in red and the second best in orange. † indicates reproduced results.

includes two scenes from Deep Blending (DB) [19], two
scenes from Tanks and Temples (T&T) [27], and all scenes
from the Mip-NeRF360 dataset [3].
Baselines. We compare our 3D Convex Splatting method
against methods that use three other basic primitives for
novel-view synthesis: 3D Gaussians [25], Generalized Ex-
ponential Functions (GES) [18], and 2D Gaussians [21].
While many follow-up studies have built upon 3DGS and
introduced various enhancements, we focus on the ba-
sic primitives for comparison. This choice ensures that
the evaluation is based on the core principles of each ap-
proach. We compare our method to ZipNeRF [4] and Mip-
NeRF360[3] for quality and Instant-NGP [37] for speed.
Metrics. We assess visual quality using SSIM, PSNR, and
LPIPS and report training time, rendering speed, and mem-
ory usage for a detailed comparison with other methods.
Implementation details of 3DCS. For each experiment, we
initialize the number of points per convex shape to K = 6
and a spherical harmonic degree of 3, resulting in a total of
69 parameters per convex shape. For each 3D Gaussian, 59
parameters are needed. In the following sections, we com-
pare two variants of 3DCS: a best-performing model and a
lightweight variant. Our best model employs different hy-
perparameters for indoor and outdoor scenes, whereas the
lightweight model uses a unified set of parameters. For our
light version, we increase the threshold criterion for densi-
fying convexes, effectively reducing the number of shapes.
Furthermore, we store the 3D convex parameters with 32-
bit precision for the high-quality model and 16-bit precision
for the lightweight version. A list of hyperparameters can
be found in the Supplementary Material. Notably, no com-
pression methods are applied to reduce memory usage.

4.3. Real-world Novel View Synthesis

Main results. Table 1 presents the quantitative results. As
can be seen, our 3DCS method consistently matches or sur-
passes the rendering quality of existing methods across all
evaluated datasets. Specifically, 3DCS outperforms 3DGS,
GES and 2DGS in most metrics on the T&T and DB

datasets, while also achieving the second highest PSNR and
lowest LPIPS on the Mip-NeRF360 dataset. 3DCS effec-
tively balances memory usage and training time, sitting in
between the ones of Mip-NeRF360 and 3DGS. Particularly,
while it consumes more memory than Mip-NeRF360, it sig-
nificantly reduces training time, requiring only 63 minutes
compared to the 48 hours of Mip-NeRF360. Moreover, it
delivers better visual quality, especially on the T&T dataset,
where 3DCS demonstrates a notable performance advan-
tage of over 1.73 PSNR compared to Mip-NeRF360. In
comparison with 3DGS, 3DCS exhibits a slightly longer
training time and lower rendering speed. Yet, 3DCS still
operates within real-time rendering capabilities. Thanks to
its greater adaptability, 3DCS efficiently utilizes only 70%
of the memory needed by 3DGS, while achieving higher
visual quality. Figure 7 strikes a qualitative comparison
between 3DCS, 3DGS and 2DGS. Notably, our method
achieves sharp and detailed rendering even in challenging
regions, e.g. the background in the Train scene. In con-
trast, Gaussian primitives tend to oversmooth areas, result-
ing in images with pronounced artifacts, as observed in the
Flower, Bicycle, and Truck scenes. The convex-based ap-
proach, however, produces results that closely align with
the ground truth, showcasing higher fidelity and a superior
ability to realistically represent 3D environments.

3DCS light outperforms 3DGS and GES on the T&T and
DP dataset, while using less memory. Figure 8 contains a
visual comparison between 3DGS and light 3DCS.

Indoor versus outdoor scenes. Table 2 presents a com-
parative analysis of indoor versus outdoor scenes from the
Mip-NeRF360 dataset. Indoor scenes consist of structured,
flat surfaces with hard edges, while outdoor scenes gener-
ally have more unstructured surfaces. This structural differ-
ence advantages convex shapes, which are better suited for
capturing the geometric characteristics of indoor environ-
ments. In fact, for indoor scenes, it can be seen that 3DCS
significantly outperforms 3DGS with an improvement of
0.9 PSNR, 0.007 SSIM, and 0.023 LPIPS, surpassing all
other Gaussian-based methods. Moreover, 3DCS achieves
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Figure 7. Qualitative Comparison between 3DCS, 3DGS and 2DGS. Our 3DCS captures finer details and provides a more accurate
approximation of real-world scenes compared to Gaussian splatting methods, which often produce blurrier results.

Outdoor Scene Indoor scene
LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑

MipNeRF360 0.283 24.47 0.691 0.180 31.72 0.917
3DGS 0.234 24.64 0.731 0.189 30.41 0.920
GES 0.243 24.46 0.724 0.189 30.85 0.922
2DGS 0.246 24.34 0.717 0.195 30.40 0.916
3DCS (ours) 0.238 24.07 0.700 0.166 31.33 0.927

Table 2. Quantitative Results on Mip-NeRF 360 [3] Dataset.
We evaluate our method on both indoor and outdoor scenes,
demonstrating substantial performance improvements over all
3DGS-based methods in indoor scenes and surpassing MipN-
eRF360 in SSIM and LPIPS metrics.

Figure 8. Visual Comparison Between our Light Model and
3DGS. The light model (right) shows high visual quality compared
to 3DGS (left), using less than 15% of the memory.

superior results in terms of SSIM and LPIPS metrics com-
pared to Mip-NeRF360. Even in outdoor scenes contain-
ing a lot of human-made structures—such as the Truck and

Train scenes from T&T, 3DCS substantially outperforms
3DGS, demonstrating its ability to effectively handle struc-
tured geometries. However, in outdoor scenes dominated
by nature and unstructured elements like trees and vegeta-
tion, the strengths of 3DCS become less pronounced. While
3DGS and 3DCS achieve comparable LPIPS results, 3DGS
achieves better PSNR and SSIM. Yet, qualitatively, we can
see in Fig. 7 that 3DCS appears significantly closer to the
ground truth in terms of visual quality. Specifically, in the
highlighted region of the Flower scene, our reconstruction
better represents the real grass even though the PSNR of this
area is 20.17 for 3DCS and 21.65 for 3DGS. This show-
cases the popularly observed mismatch between PSNR and
perceived visual quality. This is mainly due to the fact
that PSNR is highly sensitive to pixel-level differences and,
therefore, tends to favor blurrier images.

4.4. Ablation Study and Discussion

We analyze the impact of densification strategies, the num-
ber of points per convex shape, and the influence of reduc-
ing the number of shapes on rendering quality.
Densification strategy. We evaluate the effectiveness of
splitting each convex shape into new convex shapes, as de-
scribed in Sec. 3.3. Specifically, we analyze the impact of
dividing a convex shape defined initially by K = 6 points
into 2, 3, or 6 (default value) new convex shapes. For split-
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Figure 9. Ablation of densification strategy. From left to right,
we split each convex into 2, 3, or 6 new convexes.

LPIPS↓ PSNR↑ SSIM↑ Train↓

3DCS (K=3) 0.241 22.40 0.794 44m
3DCS (K=4) 0.159 23.73 0.848 52m
3DCS (K=5) 0.160 23.70 0.848 60m
3DCS (K=6) 0.157 23.90 0.850 71m
3DCS (K=7) 0.157 23.90 0.851 73m

Table 3. Ablation Study of the Number of Points per Convex.
We study the impact of the number of points per convex on recon-
struction quality and training time on the T&T dataset. With only
4 points, our 3DCS performs better than 3DGS.

30 40 50 60 70 80
# Parameters (in millions)
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0.4M 0.5M 0.6M 0.7M 0.9M 1.2M

3D Gaussian Splatting
3D Convex Splatting

Figure 10. # Parameters vs. LPIPS↓ (Truck scene). The num-
ber of primitives is indicated for each point. 3DCS achieves a
better regime than 3DGS for a comparable number of parameters.

ting into 2 or 3 shapes, the new convex shapes are centered
on 2 or 3 randomly selected points from the original convex
shape. As can be seen in Fig. 9, splitting a convex shape into
more shapes results in higher visual quality, particularly in
capturing finer details in the background.
Number of points per shape. Increasing K provides
greater flexibility in representing convex shapes but comes
at the cost of longer training times. Notably, the case of
3 points represents a special configuration, resulting in a
non-volumetric triangle in 3D space, analogous to the 2D
Gaussian Splatting approach [21] in terms of its dimension-
ality constraints. Table 3 shows that using K ≥ 4 points per
convex consistently outperforms 3DGS. However, increas-
ing beyond 6 points has no significant performance gain.
Influence of less primitives on rendering quality. Fig-
ure 10 shows how LPIPS on the T&T dataset changes with
the number of primitives and parameters. Notably, our

Figure 11. 3DCS vs. 3DGS with fewer shapes. Convex splat-
ting (left) can decompose objects into meaningful convex shapes,
enabling a realistic and compact 3D representation of the world.

method 3DCS consistently outperforms 3DGS.
Physically meaningful 3D representations. Figure 11 vi-
sually compares the performance of 3DGS and 3DCS when
the number of primitives N is reduced. With fewer shapes,
3DGS produces blurry images due to the limited flexibil-
ity of 3D Gaussians, which struggle to form visually mean-
ingful representations of real objects. In contrast, 3DCS
preserves image clarity by effectively decomposing objects
into convex shapes. 3DCS represents the leaves on the
stump as either a single convex shape or a collection of con-
vex shapes, with each shape capturing a physically mean-
ingful part of the real-world object. Ultimately, 3DCS offers
a significant advantage by delivering more physically mean-
ingful 3D representations. By leveraging the adaptability
of convex shapes, we bridge the gap between visual accu-
racy and interpretability, enabling high-quality, geometri-
cally meaningful 3D modeling.

5. Conclusion
We introduce 3D Convex Splatting (3DCS), a novel method
for radiance field rendering that leverages 3D smooth con-
vexes to achieve high-quality novel view synthesis. Partic-
ularly, our method overcomes the limitations of 3D Gaus-
sian Splatting, delivering denser representations with fewer
primitives and parameters. Furthermore, 3DCS demon-
strates substantial improvements on the novel view synthe-
sis task. By combining the adaptability of convex shapes
with the efficiency of primitive-based radiance field render-
ing, 3DCS achieves high-quality, real-time, and flexible ra-
diance field reconstruction. We envision this new primitive
to set the ground for further research in the field.
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3D Convex Splatting: Radiance Field Rendering with 3D Smooth Convexes

Supplementary Material

6. Hyperparameters & Initialization
We initialize each convex shape using the COLMAP points as cen-
ters and uniformly distribute new points around them with the Fi-
bonacci sphere algorithm to ensure an even distribution. The ini-
tial sphere radius is set to 1.2 times the mean distance to the three
nearest neighbors in the point cloud. This adaptive initialization
ensures that dense 3D regions contain many small convex shapes,
while sparser regions are represented by larger convexes. The ini-
tial values for the smoothness parameter δ and sharpness param-
eter σ are set to 0.1 and 9.5e−4, respectively. These values are
chosen to initially produce more diffuse shapes, as this configura-
tion was empirically found to result in better performance during
optimization. The initial opacity is set to 0.1. A detailed list of the
hyperparameters can be found in Tab. 4.

7. Methodology Details

2D equations. We define the 2D convex indicator function for our
convex hull by adapting the smooth convex representation from 3D
to 2D, utilizing the equations introduced in Sec. 3.1. Specifically,
we define ϕ(q) and I(q) as in Eqs. (2) and (3), but substitute the
3D point p with the 2D point q and replace the planes delimiting
the 3D convex hull with the lines that delimit the resulting 2D
convex hull.

ϕ(q) = log

(
T∑

t=1

exp (d δ Lj(q))

)
, (7)

where T is the total number of lines delimiting the 2D convex
shape.

The indicator function I(q) of the smooth convex is then de-
fined by:

I(q) = Sigmoid (−d σ ϕ(q)) . (8)

8. Ablation Study

Perspective-Aware Scaling in 2D Projection. To incorporate
perspective effects in the 2D projection, we scale δ and σ by the
distance d, ensuring that the appearance of the convex shape re-
mains consistent regardless of its distance from the camera. Ta-
ble 5 provides an ablation study demonstrating the necessity of
scaling δ and σ as well as analyzing the impact of the scaling mag-
nitude.

9. More Results

Experiments on Synthetic Data. To highlight the effectiveness of
our smooth convexes for rendering different shapes, we designed
four 2D synthetic examples, where the optimization is performed
in 2D, with a single image as ground truth. Figure 12 illustrates the
optimization process of our smooth convexes on those four distinct
shapes during training. Our convex shapes are highly versatile and
capable of approximating a wide range of different shapes.

Real-world Novel View Synthesis. Figure 13 shows additional
qualitative results, highlighting the capabilities of 3D Convex
Splatting compared to 3D Gaussians and 2D Gaussians. The in-
herent softness of Gaussian primitives often leads to blurrier im-
ages and noticeable artifact-prone regions. While PSNR favors
such blurrier images due to imprecise image alignment, they lack
high-quality detail. Compared to Gaussian, 3D Convex Splatting
does not produce any blurry areas and often results in a rendering
much closer to the ground truth. For instance, in the Bicycle scene,
Gaussian methods produce blurry artifacts on the street and in the
grass, whereas 3D Convex Splatting achieves a result that closely
matches the ground truth. Tables 6 to 11 show the complete quan-
titative results for each scene. 3D Convex Splatting outperforms
3DGS, 2DGS, and GES across all metrics on indoor scenes, the
Deep Blending dataset, and the Tanks & Temples dataset.
Additional Visualizations. Figure 14 shows the depth maps ob-
tained using 3D convexes vs. Gaussians, illustrating our better ge-
ometric quality, producing fewer artifacts and smoother depths.
Furthermore, Fig. 15 shows the representation of a wall. It con-
firms that convexes generate denser and more physically accurate
wall representations, whereas Gaussians produce more diffused
shapes.
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Table 4. Hyperparameters for Convex Splatting

Parameter Indoor Outdoor

Normal Light Normal Light

Number of training iterations 30, 000
position lr delay mult 0.01
position lr max steps 30, 000
feature lr 0.0025
opacity lr 0.01
lambda dssim 0.2
densification interval 200
densify from iter 500
opacity reset 0.2
opacity reset interval 3000
remove size threshold 0.3
min opacity 0.03
lr mask 0.01
lr delta 0.005
nb points 6
convex size 1.2
set opacity 0.1
set delta 0.1
opacity cloning 0.5
delta scaling cloning 1
shifting cloning 1

set sigma 9 e−4 9.5 e−4 1 e−3 9.5 e−4

densify grad threshold 6 e−6 2.5 e−5 1 e−6 2.5 e−5

lr sigma 4.5 e−3 4.5 e−3 4 e−3 4.5 e−3

reset opacity until 5000 5000 18000 5000
scaling cloning 0.7 0.63 0.6 0.63
sigma scaling cloning 0.85 0.88 0.88 0.88
mask threshold 2 e−2 1 e−2 1 e−2 1 e−2

lr convex points init 4 e−4 5 e−4 5 e−4 5 e−4

lr convex points final 4 e−6 5 e−6 5 e−6 5 e−6

densify until iter 9500 9000 9000 9000
storage 32-bit precision 16-bit precision 32-bit precision 16-bit precision

Magnitude Truck Train DrJohnson Playroom

1 19.47 19.14 29.17 28.82√
d 25.49 21.41 29.49 29.98

d 25.65 22.23 29.54 30.08
d2 7.08 8.91 8.42 8.99

Table 5. Perspective-Aware Scaling in 2D Projection. We eval-
uate the PSNR under varying scaling magnitudes.

Truck Train DrJohnson Playroom

3DGS 0.148 0.218 0.244 0.241
2DGS 0.173 0.251 0.257 0.257
GES 0.162 0.232 0.249 0.252
3DCS 0.125 0.187 0.238 0.237

Table 6. LPIPS score for T&T and DB datasets.
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Figure 12. Smooth convexes can represent a wide variety of shapes, whether hard or soft, dense or diffuse. They effectively approximate
diverse geometries, including both polyhedra and Gaussians, while requiring fewer primitives for accurate representation. The red lines
describe the convex hull, whereas the black dots represent the point set.

Truck Train DrJohnson Playroom

3DGS 25.18 21.09 28.76 30.04
2DGS 25.12 21.14 28.95 30.05
GES 25.07 21.75 29.24 30.06
3DCS 25.65 22.23 29.54 30.08

Table 7. PSNR score for T&T and DB datasets.

Truck Train DrJohnson Playroom

3DGS 0.879 0.802 0.899 0.906
2DGS 0.874 0.789 0.900 0.906
GES 0.872 0.800 0.899 0.902
3DCS 0.882 0.820 0.902 0.902

Table 8. SSIM score for T&T and DB datasets.

Bicycle Flowers Garden Stump Treehill Room Counter Kitchen Bonsai

3DGS 0.205 0.336 0.103 0.210 0.317 0.220 0.204 0.129 0.205
2DGS 0.218 0.346 0.115 0.222 0.329 0.223 0.208 0.133 0.214
GES 0.272 0.342 0.110 0.218 0.331 0.220 0.202 0.127 0.206
3DCS 0.216 0.322 0.113 0.227 0.317 0.193 0.182 0.117 0.182

Table 9. LPIPS score for the MipNerf360 dataset.

Bicycle Flowers Garden Stump Treehill Room Counter Kitchen Bonsai

3DGS 25.24 21.52 27.41 26.55 22.49 30.63 28.70 30.31 31.98
2DGS 24.87 21.15 26.95 26.47 22.27 31.06 28.55 30.50 31.52
GES 24.76 21.33 26.89 26.06 22.31 31.03 28.88 31.21 31.94
3DCS 24.72 20.52 27.09 26.12 21.77 31.70 29.02 31.96 32.64

Table 10. PSNR score for the MipNerf360 dataset.

Bicycle Flowers Garden Stump Treehill Room Counter Kitchen Bonsai

3DGS 0.771 0.605 0.868 0.775 0.638 0.914 0.905 0.922 0.938
2DGS 0.752 0.588 0.852 0.765 0.627 0.912 0.900 0.919 0.933
GES 0.727 0.600 0.846 0.768 0.631 0.910 0.899 0.920 0.939
3DCS 0.737 0.575 0.850 0.746 0.595 0.925 0.909 0.930 0.945

Table 11. SSIM score for the MipNerf360 dataset.
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Figure 13. Qualitative Comparison between 3DCS, 3DGS and 2DGS. 3D Convex Splatting achieves high-quality novel view synthesis
and fast rendering by representing scenes with 3D smooth convexes. In contrast, the softness of Gaussian primitives often results in blurring
and loss of detail, while 3D Convex Splatting effectively captures sharp edges and fine details.
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Convexes (3DCS) Gaussians (3DGS)

Figure 14. Depthmap Comparison. 3DCS generates fewer artifacts and a cleaner depth map than 3DGS.

Convexes (3DCS) Gaussians (3DGS)

Figure 15. Wall Approximation. Example showing that 3DCS approximates a wall more uniformly and accurately than 3DGS.
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Part 2

The Return of the Triangle



4. Triangle Splatting

4.1. Context

3D Convex Splatting provides a foundation for exploring more expressive primitives
beyond Gaussians. To design an improved primitive, it is essential to first analyze
the convex formulation to understand where it can be improved.
First, 3D Convex Splatting remains a volumetric representation, which introduces
inherent limitations compared to surface-based primitives. For each smooth convex,
a 2D convex hull must be computed in image space to determine its projection. This
additional geometric processing increases rendering complexity, resulting in higher
computational cost during training and reduced frame rates at inference time.
Second, smooth convex primitives are not natively compatible with classical com-
puter graphics pipelines, which are typically designed around explicit surface repre-
sentations.
Finally, 3D Convex Splatting is not directly compatible with standard computer
graphics pipelines, which are fundamentally built around rasterizing discrete surface
primitives rather than volumetric shapes. This mismatch limits straightforward
integration into existing rendering engines and requires additional adaptations.
These limitations motivate a return to the most fundamental primitive in computer
graphics: the triangle. At first, this choice may appear straightforward, as triangles
are widely used in rendering systems. However, their introduction in the context of
splatting represents a conceptual shift, from volumetric representations to explicit
surface modeling.
A triangle is the simplest geometric element that defines a surface in 3D space.
With only three vertices, it uniquely determines a planar patch, making it the min-
imal building block for representing continuous surfaces. This simplicity is what
enables the efficiency of modern graphics pipelines: triangles can be rasterized in-
dependently, their visibility can be resolved deterministically via depth buffering,
and their regular structure allows parallelization on GPUs. In this sense, triangle-
based representations are not only a practical choice, but the result of decades of
co-evolution between geometry and hardware.
However, this transition also reveals deeper challenges. While the physical world
is three-dimensional, graphics pipelines operate on 2D primitives projected onto
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the image plane. Triangles therefore act as an interface between these domains,
approximating continuous 3D geometry through a collection of discrete 2D surface
elements. This dimensional reduction is non-trivial and introduces fundamental
questions: how should surfaces be discretized, how should connectivity be defined,
and how can complex shapes be faithfully approximated using only planar elements?
This reflects a general geometric difficulty: moving between dimensions is inherently
non-trivial, as structure can be lost or reinterpreted under projection.
Even simple geometric concepts illustrate these difficulties. A line, for instance,
cannot be directly represented by triangles and must instead be approximated by
thin surface elements. Similarly, a planar quadrilateral must be decomposed into two
triangles, raising ambiguity in the choice of triangulation. These examples highlight
that triangle-based representations are inherently tied to questions of topology and
discretization, rather than being a neutral geometric choice.
Despite these challenges, triangles offer a decisive advantage over volumetric prim-
itives such as Gaussians or convexes: they provide an explicit, structured surface
representation that is directly compatible with rasterization pipelines. This compat-
ibility enables the use of highly optimized GPU hardware, including depth buffering,
early-z rejection, and occlusion culling, which are not accessible to volumetric splat-
ting approaches relying on sorting and alpha blending.
However, triangles introduce a new challenge due to their inherently discrete and
non-differentiable nature. Their sharp boundaries prevent direct gradient-based
optimization. To address this limitation, we propose a novel differentiable window
function that models soft triangle boundaries, enabling smooth transitions at edges
and stable end-to-end gradient flow to triangle parameters during training.
Triangle Splatting therefore represents more than a simple change of primitive. It
marks a step toward bridging continuous 3D scene representations with hardware-
efficient graphics pipelines. While it operates on soft, unconnected triangles, it lays
the foundation for template-free mesh optimization using gradient-based methods.
The remaining challenge of producing a discrete, connected triangle mesh is ad-
dressed in the next chapter through MeshSplatting, where connectivity and topology
are explicitly incorporated into the representation.

4.2. Scientific contributions

We summarize our main contributions as follows:

(i) We propose Triangle Splatting, a novel differentiable rendering pipeline that
directly optimizes triangles, bridging neural rendering and computer graph-
ics. The resulting triangle representation can be seamlessly integrated into
standard computer graphics pipelines without requiring any post-processing.
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(ii) We introduce a novel differentiable window function designed specifically for
soft triangle boundaries, allowing end-to-end gradients to flow into the triangle
parameters during training.

(iii) By using triangles as the fundamental primitive, Triangle Splatting establishes
a strong foundation for subsequent work toward seamless integration into tra-
ditional graphics pipelines and game engines. This also includes the follow-up
method presented in Chapter 5, which directly builds upon and extends Tri-
angle Splatting.

4.3. Publication and recognition

The work included in this chapter was published as:
Jan Held*, Renaud Vandeghen*, Adrien Deliege, Daniel Hamdi, Abdullah Re-
bain, Silvio Giancola, Anthony Cioppa, Andrea Vedaldi, Bernard Ghanem, Andrea
Tagliasacchi, and Marc Van Droogenbroeck. Triangle Splatting for Real-Time Radi-
ance Field Rendering. In International Conference on 3D Vision (3DV), Vancouver,
Canada, 2026.
The Triangle Splatting project received significant recognition from the research
community. The GitHub repository has accumulated over 1,100 stars: https://
github.com/trianglesplatting/triangle-splatting, and several independent
videos have been viewed widely, including one with over 180,000 views: https:
//www.youtube.com/watch?v=F0H3NAHP9r0.
Author contribution. As a lead author, I co-designed the method, implemented
major components of the training pipeline, and conducted experiments and analy-
sis. Renaud Vandeghen supported the work through numerous discussions, assisted
with running and validating experiments, benchmarking concurrent work, and was
responsible for all experiments in Unity and other mesh-splatting renderers.
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Figure 1. We propose a new representation for differentiable rendering based on the most classical of 3D primitives, the triangle. We
show how a triangle soup (i.e. unstructured, disconnected triangles) can be optimized effectively, generating state-of-the-art novel view
synthesis images while being immediately compatible with classical rendering pipelines. The figure shows the final rendered output (left),
a visualization of soft blending (middle), and the rendering of a random subset of triangles to highlight their structure (right).

Abstract
The field of computer graphics was revolutionized by

models such as NeRF and 3D Gaussian Splatting, displac-
ing triangles as the dominant representation for photogram-
metry. In this paper, we argue for a triangle comeback. We
develop a differentiable renderer that directly optimizes tri-
angles via end-to-end gradients. We achieve this by ren-
dering each triangle as differentiable splats, combining the
efficiency of triangles with the adaptive density of repre-
sentations based on independent primitives. Compared
to popular 2D and 3D Gaussian Splatting methods, our
approach achieves competitive rendering and convergence
speed, and demonstrates high visual quality. On the Mip-

NeRF360 dataset, our method outperforms concurrent non-
volumetric primitives in visual fidelity and achieves higher
perceptual quality than the state-of-the-art Zip-NeRF on in-
door scenes. Triangles are simple, compatible with stan-
dard graphics stacks and GPU hardware, and highly effi-
cient. Our results highlight the efficiency and effectiveness
of triangle-based representations for high-quality novel
view synthesis. Triangles bring us closer to mesh-based op-
timization by combining classical computer graphics with
modern differentiable rendering frameworks. The project
page is https://trianglesplatting.github.io/
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1. Introduction
One of the enduring challenges in 3D vision and graphics is
identifying a truly universal primitive for representing 3D
content in a differentiable form, enabling gradient-based
optimization of geometry and appearance. Despite exten-
sive research, no single data structure has emerged as a sil-
ver bullet. Instead, researchers have explored a variety of
approaches, including neural fields [28], hash tables [29],
convex primitives [7, 14], and Gaussians [20], among oth-
ers. Conversely, in conventional graphics pipelines, the tri-
angle remains the undisputed workhorse. Game engines
and other real-time systems primarily rely on triangles,
as GPUs feature dedicated hardware pipelines for ultra-
efficient triangle processing and rendering. Although other
primitives exist (e.g., quads in 2D or tetrahedra in 3D), they
can always be subdivided into triangles. Moreover, surface
reconstruction in 3D vision and graphics predominantly re-
lies on triangle meshes to represent continuous, watertight
geometry in an efficient, renderable form [19].

Despite their ubiquity, triangles are difficult to opti-
mize in differentiable frameworks due to their discrete na-
ture. Early attempts at differentiable optimization softened
the non-differentiable occlusion at polygon edges, enabling
gradients from image loss to flow into geometry and appear-
ance parameters [18, 25]. However, these methods require
a predefined mesh template, making them unsuitable when
the scene’s topology is unknown a priori. As a result, they
struggle to capture fine geometric details and adapt to novel
structures. To address these challenges, researchers adopted
volumetric primitives, such as anisotropic 3D Gaussians in
3DGS [20], which can be optimized for high-quality novel
view synthesis. However, the unbounded support of Gaus-
sians makes it difficult to define the “surface” of the rep-
resentation, and their inherent smoothness hinders accurate
modeling of sharp details. Surface structures can be par-
tially restored using 2D Gaussian Splatting [15] or 3D con-
vex polytopes [14]. Yet, a pivotal question remains:
Can triangles themselves be optimized directly?

Learning to optimize a “triangle soup” (i.e. unstructured,
disconnected triangles), as shown in the right side of Fig-
ure 1, via gradient-based methods could represent a major
step towards the goal of template-free mesh optimization.
Such an approach leverages decades of GPU-accelerated
triangle processing and the mature mesh processing liter-
ature, making it easier to integrate these techniques within
differentiable rendering pipelines.

In this work, we introduce Triangle Splatting, a real-
time differentiable renderer that splats a soup of triangles
into screen space while enabling end-to-end gradient-based
optimization. Triangle Splatting merges the adaptability of
Gaussians with the efficiency of triangle primitives, sur-
passing 3D Gaussian Splatting (3DGS), 2D Gaussian Splat-
ting (2DGS), and 3D Convex Splatting (3DCS) in visual

fidelity, training speed, and rendering throughput. The opti-
mized triangle soup is directly compatible with any standard
mesh-based renderer. To our knowledge, Triangle Splatting
is the first splatting-based approach to directly optimize tri-
angles for novel-view synthesis and 3D reconstruction, de-
livering state-of-the-art results while bridging classical ren-
dering pipelines with modern differentiable frameworks.

Contributions. (i) We propose Triangle Splatting, a novel
approach that directly optimizes triangles, bridging com-
puter graphics and radiance fields. (ii) We introduce a dif-
ferentiable window function for soft triangle boundaries,
enabling effective gradient flow. (iii) Triangle Splatting de-
livers high visual quality and rendering speed, surpassing
Zip-NeRF on indoor scenes in perceptual quality (LPIPS)
and structural similarity (SSIM). (iv) The optimized tri-
angles are compatible with standard mesh-based render-
ers, enabling seamless integration into traditional graphics
pipelines.

2. Related work

Neural radiance fields have become the de-facto standard
for image-based 3D reconstruction [27]. A large body of
work has since addressed NeRF’s slow training and render-
ing by introducing multi-resolution grids or hybrid repre-
sentations [5, 9, 23, 29], or baking procedures for real-time
playback [6, 13, 31]. Improvements in robustness include
anti-aliasing [1–3], handling unbounded scenes [2], and
few-shot generalization [4, 8, 16]. Despite their success, im-
plicit fields still require costly volume integration at render
time. Our Triangle Splatting sidesteps this by optimizing
explicit triangles that are traced once per pixel, leading to
comparable fidelity but orders-of-magnitude faster render-
ing. For example, our triangles render ten times faster than
Instant-NGP [29], while matching its optimization speed
and achieving significantly higher visual fidelity.
Primitive-based differentiable rendering.

Differentiable renderers back-propagate image loss to
scene parameters, enabling end-to-end optimization of
explicit primitives such as points [10, 18], voxels [9],
meshes [18, 25, 26], and Gaussians [20]. 3D Gaussian
Splatting [20] demonstrated that millions of Gaussians can
be fitted in minutes and rendered in real time. Because
Gaussians have infinite support and inherently smooth fall-
off, they struggle with sharp creases and watertight surfaces.
Convex Splatting [14] replaced Gaussians with smooth con-
vexes, capturing hard edges more faithfully, but at the cost
of slow optimization time and larger memory footprints.
Compared with Gaussian [15, 20] or Convex Splatting [14],
which explored either volumetric (e.g. Gaussian, voxel) or
solid (e.g. convex, tetrahedral) primitives, Triangle Splat-
ting proposes surface primitives, aligning with the surface
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Figure 2. Triangle window function (1D and 2D). We visualize the window functions of prior works [7, 14] (bottom) vs. the one
introduced in our paper (top) in both 1D (left) and 2D (right). We show how the window function changes as we vary the smoothness
control parameter σ. As σ decreases, note that both can approximate the window function of a triangle. However, as σ increases, the
support of Eq. (2) exceeds the footprint of the triangle, making it unsuitable for rasterization workloads. In the limit, Eq. (2) becomes
globally supported, with a window value of 0.5 everywhere, causing every triangle to contribute to the color of every pixel in the image.

of solid objects most typically found in real-world scenes.
In extensive experiments, we show that Triangle Splatting
surpasses 3DGS [20], 2DGS [15], and 3DCS [14] in visual
quality and speed of rendering and optimization.

3. Method

We address the problem of reconstructing a photorealistic
3D scene from multiple images. We propose a scene repre-
sentation that enables efficient, differentiable rendering and
can be directly optimized by minimizing a rendering loss.
Similar to prior work, the scene is represented by a large
collection of simple geometric primitives. Where 3DGS
used 3D Gaussians [20], 3DCS used 3D convex hulls [14],
and 2DGS used 2D Gaussians [15], we propose the simplest
and most efficient primitive, triangles. First, Sec. 3.1 ex-
plains how these triangles are rendered on an image. Then,
Sec. 3.2 describes how we adaptively prune and densify the
triangle representation. Finally, Sec. 3.3 describes how to
optimize the triangles’ parameters to fit the input images.

3.1. Differentiable rasterization

Our primitives are 3D triangles T3D, each defined by three
vertices vi ∈ R3, a color c, a smoothness parameter σ and
an opacity o. The vertices can move freely during optimiza-
tion. To render a triangle, we first project each vertex vi

to the image plane using a standard pinhole camera model.
The projection involves the intrinsic camera matrix K and
the camera pose (parameterized by rotation R and trans-
lation t): qi = K (Rvi + t), with qi ∈ R2 forming the
projected triangle T2D in the 2D image space. Instead of ren-
dering the triangle as fully opaque, we weigh its influence
smoothly using a window function I mapping pixels p to

values in the [0, 1] range. As we discuss below, the choice
of this function is of critical importance. Once the trian-
gles are projected, the color of each image pixel p is com-
puted by accumulating contributions from all overlapping
triangles, in depth order, treating the value I(p) as opacity.
The rendering equation is the same as the one used in prior
works [14, 20].
A new window function. We first describe how the window
function I is defined, which is one of our core contributions.
We start by defining the signed distance field (SDF) ϕ of the
2D triangle in image space. This is given by:

ϕ(p) = max
i∈{1,2,3}

Li(p), Li(p) = ni · p+ di,

where ni are the unit normals of the triangle edges pointing
outside the triangle, and di are offsets such that the triangle
is given by the zero-level set of the function ϕ. The signed
distance field ϕ thus takes positive values outside the trian-
gle, negative values inside, and equals zero on its boundary.
Let s ∈ R2 be the incenter of the projected triangle T2D (i.e.,
the point inside the triangle with minimum signed distance).
With this, we define our new window function I as:

I(p) = ReLU
(
ϕ(p)

ϕ(s)

)σ

such that I(p)





= 1 at the triangle incenter,
= 0 at the triangle boundary,
= 0 outside the triangle.

(1)

Here, the parameter σ > 0 controls the smoothness of
the window function. ϕ(p) is negative inside the triangle,
and ϕ(s) is its smallest (most negative) value, so the ratio
ϕ(p)/ϕ(s) is positive inside the triangle, equal to one at the
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incenter, and equal to zero at the boundary. This formula-
tion has three important properties: (i) there is a point (the
incenter) inside the triangle where the window function ob-
tains the maximum value of one; (ii) the window function
is zero at the boundary and outside the triangle so that its
support tightly fits the triangle; and (iii) a single parameter
can easily control the smoothness of the window function.

Figure 2 shows that all three properties are satisfied for
different values of σ. For σ → 0 our window function con-
verges to the window function of the triangle. For larger
values, the window function transitions smoothly from zero
at the boundary to one in the middle, and for σ → ∞ the
window function becomes a delta function at the incenter.
Window function alternatives. Related works [7, 14] use
the LogSumExp function to approximate max in the signed
distance field: ϕ(p) = log

∑3
i=1 expLi(p). However, we ob-

served that, for small triangles, this max approximation is
poor, to the point that only one of the three vertices has any
influence on the final shape. We thus opted to use the ac-
tual max function which, while not smooth everywhere, ac-
curately defines the signed distance field. Further, related
work [7, 14, 25] also use a different definition for the win-
dow function I based on sigmoid:

I(p) = sigmoid(−σ−1 ϕ(p))

such that I(p)





> 1
2 inside the triangle,

= 1
2 at the triangle boundary,

< 1
2 outside the triangle.

(2)

This definition fails to meet properties (i) and (ii) above,
as the maximum can be less than 1, and the support of the
window function can be significantly larger than the trian-
gle. This is illustrated in Figure 2, where σ → ∞ results in
a constant value everywhere in R2.
Simpler depth-dependent scaling. In 3D Gaussian Splat-
ting, each 3D Gaussian is defined in world space by a full
covariance matrix, which is mapped to image space by ac-
counting for the projective transformation, resulting in a 2D
covariance matrix inversely proportional to depth. The ef-
fect is a 2D Gaussian whose size scales with depth. In Con-
vex Splatting [14], the 2D convex hull scales automatically
with depth, but not the window function smoothness param-
eter σ. Because the latter is defined in pixel units, it must
be scaled “manually” to achieve a depth-consistent effect.
In our case, this is unnecessary because of the normaliza-
tion in Eq. (1): σ results in consistently scaled 2D window
functions for all depth values.
A simpler and more efficient primitive. Triangle
Splatting reduces complexity compared to concurrent ap-
proaches. Unlike 3DGS, Triangle Splatting avoids the need
for EWA, a core component of 3DGS that is complex to
implement and whose quality degrades when moving away
from the optical center. Also, compared to 3D Convex

Figure 3. Triangle pruning. To reduce floaters, we prune trian-
gles seen in fewer than two views with over one pixel of coverage,
removing those overfitted to a single training view.

Splatting, Triangle Splatting avoids the complex and costly
kernel required to compute active edges and the need to cal-
culate the convex hull per primitive, simplifying implemen-
tation and improving speed.

3.2. Adaptive pruning and splitting

Triangles have a compact spatial domain (and, therefore, a
compact gradient); hence, we need a mechanism to control
coverage of the spatial domain by the triangles, modulating
their density and thus representation power at different lo-
cations. This is achieved by pruning and densification rou-
tines (respectively decreasing and increasing the represen-
tation power), analogously to 3DGS [20].

Pruning. During rasterization, we calculate the maximum
volume rendering blending weight T · o (where T is trans-
mittance, and o is opacity) for each triangle, and prune
all triangles whose maximum weight is less than a defined
threshold τprune across all training views. Additionally, we
prune all triangles that are not rendered at least twice with
more than one pixel. In other words, we remove triangles
that explain small amounts of data within a single view and
are therefore likely to have overfitted to the training data.
Figure 3 illustrates the impact of this pruning strategy.

Densification. Instead of relying on manually tuned heuris-
tics for adding shapes, we adopt the probabilistic framework
based on MCMC introduced by Kheradmand et al. [21]. At
each densification step, we sample from a probability distri-
bution to guide where new shapes should be added. Kher-
admand et al. [21] stochastically allocates new Gaussians
proportionally to the opacity, and we extend this idea to our
representation by incorporating the sharpness parameter σ.
Since both opacity and σ are learned during training, we
build the probability distribution directly from these param-
eters by alternating between using the inverse of σ and the
opacity for Bernoulli sampling. In particular, we preferen-
tially sample triangles with low σ values, i.e. solid trian-
gles. Because of our window function, the triangle’s influ-
ence is bounded by its projected geometry, and the diffusion
remains confined within the triangle itself. In high-density
regions, many triangles overlap at each pixel, allowing each
shape to adopt a higher σ and thus a softer contribution. In
contrast, in low-density regions, where fewer triangles in-
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fluence a pixel, each triangle must contribute more to the
reconstruction. As a result, it adopts a lower σ to increase
the contribution across its interior, ensuring maximal cov-
erage within the geometric bounds and producing a more
solid appearance.

Further, taking inspiration from Kheradmand et al. [21],
we design updates to avoid disrupting the sampling process.
In particular, we require that the probability of the state (i.e.
the current set of parameters of all triangles) remains un-
changed before and after the transition, allowing it to be
interpreted as a move between equally probable samples,
preserving the integrity of the Markov chain. To preserve
a consistent representation across sampling steps, we apply
midpoint subdivision to the selected triangles. Each triangle
is split into four smaller ones by connecting the midpoints
of its edges, ensuring that the combined area and spatial
region of the new triangles match that of the original. As
in our parametrization, a triangle is defined by 3D vertices,
making this operation straightforward to perform. Finally,
if a triangle is smaller than the threshold τsmall, we do not
split it. Instead, we clone it and add random noise along the
triangle’s plane orientation.

3.3. Optimization

Our method starts from a set of images and their cor-
responding camera parameters, calibrated via SfM [32],
which also produces a sparse point cloud. We create a 3D
triangle for each 3D point in the sparse point cloud. We
optimize the 3D vertex positions {v1,v2,v3}, sharpness σ,
opacity o, and spherical harmonic color coefficients c of all
such 3D triangles by minimizing the rendering error from
the given posed views. The initialization is done as fol-
lows. Let q ∈ R3 be a SfM 3D point and let d be the
average Euclidean distance to its three nearest neighbors.
We initialize the corresponding 3D triangle to be approxi-
mately equilateral, randomly oriented, and with a size pro-
portional to d. To do this, we sample uniformly at random
three vertices {u1,u2,u3} from the unit sphere, we scale
them by d, and we add q to center them at the point q:
vi = q + k · d · ui, where k ∈ R is a scaling constant.
Our training loss combines the photometric L1 and LD-SSIM
terms [20], the opacity loss Lo [21], and the distortion Ld

and normal Ln losses [15]. Finally, we add a size regu-
larization term Ls = 2 ∥(v1 − v0)× (v2 − v0)∥−1

2 , to en-
courage larger triangles. The final loss L is given by:

L = (1−λ)L1+λLD-SSIM+β1Lo+β2Ld+β3Ln+β4Ls .
(3)

The full list of thresholds and hyperparameters is detailed
in the Supplementary Material.

4. Experiments

We compare our method to concurrent approaches on the
standard benchmarks Mip-NeRF360 [2] and Tanks and
Temples (T&T) [22]. We consider 3DCS [14], which is the
most closely related method, as well as to non-volumetric
primitives such as BBSplat [33] and 2DGS [15]. We also
consider primitive-based volumetric methods, including
3DGS [20], 3DGS-MCMC [21], and DBS [24]. Addition-
ally, we evaluate against implicit neural rendering methods
such as Instant-NGP [29], Mip-NeRF360 [2], and the state-
of-the-art in novel view synthesis Zip-NeRF [3]. We evalu-
ate the visual quality using standard metrics: SSIM, PSNR,
and LPIPS. We report training time, rendering speed, and
memory usage, measured on an NVIDIA A100.
Implementation details. We use spherical harmonics of
degree 3, resulting in 59 parameters per triangle, matching
the number of parameters for a single 3D Gaussian [20].

4.1. Novel-view synthesis

Table 1 presents the quantitative results on the T&T dataset,
as well as on the indoor and outdoor scenes from the Mip-
NeRF360 dataset. In comparison with planar primitive
methods, Triangle Splatting achieves a higher visual qual-
ity, with a significant improvement in LPIPS (the metric
that best correlates with human visual perception). Specifi-
cally, Triangle Splatting improves over 2DGS and BBSplat
by 25% and 19% on Mip-NeRF360, respectively. Trian-
gle Splatting achieves consistently better LPIPS scores in
outdoor scenes, surpassing both 2DGS and BBSplat. Sim-
ilarly, on the T&T dataset, Triangle Splatting yields a sub-
stantial improvement over 2DGS and BBSplat.

While our method yields slightly lower PSNR values,
this metric does not fully capture visual quality due to its in-
herent limitations (PSNR generally rewards overly smooth
reconstructions that regress to the mean). As a result,
smooth representations, such as Gaussian-based primitives,
tend to perform better under PSNR, whereas sharper tran-
sitions from solid shapes may be penalized. Figure 4 illus-
trates this limitation of PSNR: although our reconstruction
looks visually superior to that of 2DGS, the PSNR in the
highlighted region is 3 PSNR higher for 2DGS.

Against volumetric primitive methods, Triangle Splat-
ting achieves high visual quality, with a significant improve-
ment in LPIPS. Specifically, Triangle Splatting improves
over 3DGS and 3DCS by 10% and 7% respectively on Mip-
NeRF 360. Compared to implicit methods, Triangle Splat-
ting matches the visual quality of the state-of-the-art Zip-
NeRF, with only a 0.002 difference in LPIPS, while deliv-
ering over 500× faster rendering performance.

Triangles work particularly well in indoor or structured
outdoor scenes with walls, cars, and other well-defined
surfaces, where they can closely approximate geometry.
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Outdoor Mip-NeRF 360 Indoor Mip-NeRF 360 Aver. Mip-NeRF 360 Tanks & Temples
LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ FPS ↑

Implicit Methods

Instant-NGP [29] - - - - - - 0.331 25.59 0.699 0.305 21.92 0.745 14.4
Mip-NeRF360 [2] 0.283 24.47 0.691 0.179 31.72 0.917 0.237 27.69 0.792 0.257 22.22 0.759 0.14
Zip-NeRF [3] 0.207 25.58 0.750 0.167 32.25 0.926 0.189 28.54 0.828 - - - -

Volumetric Primitives

3DGS [20] 0.234 24.64 0.731 0.189 30.41 0.920 0.214 27.21 0.815 0.183 23.14 0.841 154
3DGS-MCMC [21] ‡ 0.210 25.51 0.76 0.208 31.08 0.917 0.210 27.98 0.829 0.19 24.29 0.86 129
DBS [24] † 0.246 25.10 0.751 0.22 32.29 0.936 0.234 28.29 0.833 0.140 24.85 0.870 150
3DCS [14] 0.238 24.07 0.700 0.166 31.33 0.927 0.207 27.29 0.802 0.156 23.94 0.851 33

Non-Volumetric Primitives

BBSplat [33] † 0.281 23.55 0.669 0.178 30.62 0.921 0.236 26.69 0.781 0.172 25.12 0.868 66
2DGS [15] 0.246 24.34 0.717 0.195 30.40 0.916 0.252 27.04 0.805 0.212 23.13 0.831 122
Triangle Splatting 0.217 24.27 0.722 0.160 30.80 0.928 0.191 27.16 0.814 0.143 23.14 0.857 165

Table 1. Quantitative results. We evaluate our method on both indoor and outdoor scenes, achieving state-of-the-art performance on the
indoor benchmark. Across all datasets, our approach consistently outperforms other non-volumetric primitives. Bold scores indicate the
best results among non-volumetric methods. † denotes reproduced results, while ‡ marks results reported in [24].

his makes Triangle Splatting especially effective indoors,
achieving state-of-the-art performance and outperforming
3DCS and Zip-NeRF. Unstructured outdoor scenes are
more challenging for planar primitives due to sparse or am-
biguous geometry, making it harder to maintain visual con-
sistency across views. Even so, Triangle Splatting narrows
the performance gap and surpasses 3DGS and 3DCS on the
T&T dataset, achieving a lower LPIPS.

Figure 5 presents a qualitative comparison between Tri-
angle Splatting, 3DCS, and 2DGS. We consistently produce
sharper reconstructions, particularly in high-frequency re-
gions. For instance, in the Bicycle scene, it more accu-
rately captures fine details, as highlighted.

Speed & Memory. Table 2 compares the memory con-
sumption and rendering speed of concurrent methods. Al-
though BBSplat uses fewer primitives, it suffers from con-
siderably slower training and inference. Triangle Splatting
shows strong scalability, despite using more primitives, it
renders 4× faster than BBSplat and achieves a 40% speedup
over 2DGS. Triangle Splatting significantly outperforms
3DCS, achieving 2× faster training and 4× faster inference.

Train ↓ FPS ↑ Memory ↓
ZipNerf 5h 0.18 569MB
3DGS 42m 134 734MB
3DCS 87m 25 666MB

BBSplat 96m 25 175MB
2DGS 29m 64 484MB
Ours 39m 97 795MB

Table 2. Speed & Memory. Triangle Splatting scales efficiently,
achieving faster training and rendering even with more primitives.

Unlike 3DCS, Triangle Splatting does not require comput-
ing a 2D convex hull and rendering is more efficient. Tri-
angle Splatting computes the signed distance for only three
lines per pixel, whereas 3DCS requires calculations for six
lines, effectively doubling the per-pixel computational cost.

5. Ablations

Loss terms. Table 3 shows the impact on performance
when removing different components of our pipeline on
Mip-NeRF360. The opacity regularization Lo is the most

Ground Truth Triangle Splatting (ours) 2DGS

Figure 4. Limitations of PSNR. Due to its smoothness, Gaussians tends to perform better on the PSNR metric, which evaluates pixel-wise
differences, despite being blurrier. In the highlighted areas, our method achieves a PSNR of 18.41, compared to 21.27 for 2DGS.
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Figure 5. Qualitative results. We visually compare our method to 3DCS [14] and 2DGS [15]. Triangle Splatting captures finer details and
produces more accurate renderings of real-world scenes, with less blurry results than 2DGS, and a higher visual quality than 3DCS [14].

LPIPS ↓ PSNR ↑ SSIM ↑
Triangle Splatting 0.191 27.14 0.814

w/o Ls 0.191 26.97 0.812
w/o σ−1 sampling 0.193 27.03 0.811
w/o o sampling 0.193 27.02 0.811
w/o Ld & Ln 0.194 27.11 0.811
w/o Lo 0.207 26.38 0.794

Table 3. Ablation study. We isolate the impact of each compo-
nent by removing them individually.

impactful, encouraging lower opacity values so that un-
necessary triangles become transparent and are reallocated.
The regularization term Ls encourages larger triangles, in-
creasing PSNR, particularly in indoor scenes. The initial
point cloud is often extremely sparse along walls, frequently
with few or no initial triangles. Without Ls, triangles ex-
pand too slowly to reach scene boundaries. By promot-
ing larger shapes, this regularization enables faster growth,
allowing triangles to extend into underrepresented regions.
Sampling based on σ−1 or opacity alone yields similar per-
formance, while combining both leads to improved results.
Window functions. Figure 6 compares the sigmoid-based
window function with our proposed version. In regions with
sparse initial point cloud, particularly in the background, the
sigmoid function fails to recover the scene structure. Since
the sigmoid is not bounded by its geometry’s vertices and
can grow arbitrarily large, the optimizer tends to increase
the sigma values instead of moving vertices to cover empty
areas. This results in small yet very smooth shapes, mak-
ing them difficult to optimize. In contrast, our normalized
window function enforces spatial bounds, which encour-
ages vertices to move and fill underrepresented regions. As
the size of each shape is explicitly defined, the optimization
process becomes more stable and effective.
Triangle vs. convex splatting. In 3DCS, each convex is
defined by six vertices. When the number is reduced to

Figure 6. Ablation study (window function). We compare
against the Sigmoid function (left) which fails to recover back-
ground regions accurately, while ours doesn’t (right).

Figure 7. Ablation study (triangles as convexes). We compare
our method (left) with 3DCS using three-vertex convexes (right),
which results in degenerate geometry, as seen in the zoom-ins.

three, the shape degenerates into a triangle. In Figure 7,
we present a visual comparison between Triangle Splatting
and 3DCS using triangles. Triangle Splatting does not pro-
duce line artifacts, which often appear in 3DCS when han-
dling degenerate triangles. Furthermore, Triangle Splatting
obtains a higher visual quality with an improvement of 0.05
LPIPS, 0.61 PSNR and 0.045 SSIM on Mip-NeRF360.

6. Triangle splatting in a traditional renderer
While the main goal of this work is to introduce triangles as
a novel primitive for high-quality novel view synthesis, their
benefits extend beyond this task. To obtain a model with
mesh-like topology, we set opacity to 1 and σ to 0, yield-
ing opaque, hard triangles that require only vertex positions
and per-triangle colors to be stored in a standard mesh for-
mat (e.g., .off), with no post-processing. This marks a sig-
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nificant improvement over 2DGS. The final triangle soup
can be integrated into any mesh renderer. Alternatively, the
full triangle splatting model can be incorporated into tra-
ditional rendering pipelines using order-independent trans-
parency to correctly handle semi-transparent triangles. To
demonstrate practicality, we evaluate triangle splatting in a
traditional renderer across both use cases.

Stochastic Triangle Splatting renderer. Alpha blending-
based models like 3DGS can be implemented with z-buffer
rasterization by employing stochastic transparency. This
approach is particularly well suited to Triangle Splatting, as
it relies on invoking the fragment shader many times for
each final pixel to reduce noise. Unlike Gaussian-based
models, which must evaluate the Gaussian PDF in the frag-
ment shader, Triangle Splatting can perform almost all com-
putations in the vertex shader, lowering the cost of addi-
tional samples. We include a link in the Supplementary
Material to a browser-based demo of this method, which
includes a naive implementation of temporal filtering for
noise reduction. It should be noted that more sophisticated
temporal anti-aliasing pipelines are a standard feature in
modern game engines. Table 4 shows that even a consumer
laptop with an Iris Xe renders 4.3M triangles at high speed,
while high-end GPUs like the RTX 4090 exceed 1000 FPS.
As shown in Figure 8, Stochastic Triangle Splatting also
preserves high visual quality when integrated into a tradi-
tional renderer.

Mesh-based novel-view synthesis. Table 5 com-
pares mesh-based novel view synthesis between Trian-
gle Splatting and 2DGS. For 2DGS, the mesh was extracted
via TSDF fusion and textured with a neural color field
trained for 5k iterations following 30k iterations of main
training (see MILo [12] for more details). In contrast,
Triangle Splatting requires no additional processing, only
the opacity is set to 1 and σ to 0. Compared to Trian-
gle Splatting, 2DGS relies on post-processing, lacks direct
game engine compatibility, and achieves lower visual qual-
ity. For Triangle Splatting we simply set the opacity to 1
and σ to 0, without any additional processing. 2DGS re-
quires post-processing, lacks direct game engine compati-
bility, and delivers lower visual quality. Triangle Splatting
improves PSNR by 37%, SSIM by 12%, and reduces LPIPS
by 2.7%, yielding better visuals without post-processing.

Triangle Splatting uses far fewer triangles (≈ 1M vs. ≈
7M). It reconstructs background regions more accurately,
while 2DGS tends to focus on the object center and often
leaves backgrounds sparse or missing, reducing visual qual-
ity. Triangle Splatting opens the door to future work, such
as developing training strategies specifically for high visual
quality in game engines (for example, gradually pushing
opacity and σ toward 1 and 0, respectively), or connecting
triangles during training to obtain a watertight mesh.

Hardware OS TFLOPS HD Full HD 4k

Iris Xe Windows 2 33 23 15
MacBook M4 MacOS 8 120 90 40
RTX4090 Linux 48 1058 759 327

Table 4. Stochastic renderer: FPS across different hardware
and resolutions. Evaluated on Garden (≈ 4.3M triangles) with 1
sample per pixel. OS stands for operating system.

Figure 8. Qualitative rendering results with Stochastic Trian-
gle Splatting. Most computations run in the vertex shader, en-
abling real-time rendering in a game engine without quality loss.

Post-processing PSNR ↑ LPIPS ↓ SSIM ↑ #T

2DGS† Yes 15.36 0.474 0.498 ≈7M
Ours No 21.05 0.462 0.558 ≈1M

Table 5. Mesh-based novel view synthesis. Comparison be-
tween Triangle Splatting and 2DGS on MipNeRF 360. We achieve
higher image quality (higher PSNR/SSIM, lower LPIPS), and re-
quire far fewer triangles (#T). † results obtained from [12].

7. Conclusions
We have introduced Triangle Splatting, a novel differ-
entiable rendering technique that directly optimizes trian-
gle primitives for novel-view synthesis. Leveraging the
same primitive used in classical mesh representations, our
method bridges the gap between neural rendering and tra-
ditional graphics pipelines. We have shown that Tri-
angle Splatting outperforms concurrent methods in visual
quality while retaining the efficiency, and compatibility of
the triangle. Moreover, it opens several directions for future
research, including connecting triangles during training to
obtain watertight meshes and optimizing σ and opacity for
high visual quality in game engines. These results establish
Triangle Splatting as a promising step toward mesh-aware
neural rendering, unifying decades of GPU-accelerated
graphics with modern differentiable frameworks.
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8. Supplementary Material
8.1. Methodology

Depth-dependant scaling. In Triangle Splatting, the in-
fluence I(p) depends only on the normalized ratio
ϕ/minϕ. Since a projection is a uniform in-plane scaling, a
single exponent σ suffices for all depths. Indeed, if we scale
a triangle by a > 0, then each projected vertex vi and pixel p
transforms as vi 7→ a vi and p 7→ a p, so the signed-distance
di(p) to each edge satisfies d′i(p

′) = a di(p), implying
ϕ′(p′) = max(d′i(p

′)) = aϕ(p) and minϕ′ = a minϕ.
Hence

ϕ′(p′)
minϕ′ =

aϕ(p)

a minϕ
=

ϕ(p)

minϕ
, (4)

and so I ′(p′) = (ϕ′(p′)/minϕ′)σ = (ϕ(p)/minϕ)σ =
I(p).

Tile assignment in Triangle Splatting Triangle Splatting
is a tile-based renderer that assigns triangles to pixel tiles
by computing their screen-space intersections. Unlike 3D
Gaussian Splatting, where the shape has a soft spatial ex-
tent, Triangle Splatting is precisely bounded by the projec-
tion of its three vertices. A simple and efficient initial guess
for determining tile coverage is to compute the minimum
and maximum x and y coordinates of the projected vertices.
While this method is computationally simple, it is conser-
vative, resulting in unnecessary computations for pixels that
are not influenced. As σ increases or opacity o decreases,
the influence region may not reach the triangle’s vertices,
causing the rasterizer to process pixels that have no contri-
bution. To avoid this, we compute a more precise bounding
box by determining the maximum distance d a pixel can be
from the triangle edge while still contributing at least τcutoff
influence. We define the influence function as:

τcutoff =

(
d

L(s)

)σ

· o. (5)

where L(s) is the signed distance from the triangle’s edges
to the incenter. Rearranging gives:

d = L(s) ·
(τcutoff

o

) 1
σ

. (6)

We then subtract the distance d from the offset in each edge
equation, effectively tightening the triangle’s boundary. The
minimum and maximum of the updated edge intersections
define a more accurate bounding box. As σ increases or o
decreases, this bounding box shrinks accordingly, signifi-
cantly reducing unnecessary rasterization.

Depth sorting. During rasterization, the triangles are cur-
rently sorted based on their center, which can lead to pop-
ping and blending artifacts during view rotation. Instead,

Figure 9. Number of contributions per pixel. In background
regions where the initial point cloud is sparse, triangles reduce
their σ to increase coverage across their interior. This leads to
more solid shapes and, consequently fewer contributions per pixel.

future work can implement per-pixel sorting of the trian-
gles, as proposed in [30], where Radl et al. introduce a hier-
archical tile-based rasterization approach that performs lo-
cal per-pixel sorting to ensure consistent visibility and elim-
inate popping artifacts.

Method Outdoor Indoor

feature lr 0.0025 0.0025
opacity lr 0.014 0.014
lr convex points init 0.0018 0.0015
lr sigma 0.0008 0.0008
lambda normals 0.0001 0.00004
lambda opacity 0.0055 0.0055
lambda size 1e-8 5e-8
max noise factor 1.5 1.5
opacity dead 0.014 0.014
split size 24.0 24.0
importance threshold 0.022 0.0256

Table 6. Hyperparameters

Densification. We prioritize sampling triangles with low
σ values, corresponding to more solid triangles. Our
window function ensures that each triangle’s influence is
strictly limited to its projected area, preventing any influ-
ence beyond its geometric bounds. In regions with high tri-
angle density, multiple shapes contribute to each pixel, al-
lowing individual triangles to adopt larger σ values and pro-
duce softer, more diffuse effects. Conversely, in sparse re-
gions where fewer triangles are present, each triangle must
account for more of the pixel-wise reconstruction, leading
it to adopt a smaller σ and thus contribute more across its
surface. Figure 9 visualizes the number of contributions per
pixel. In sparse background regions, triangles adopt lower σ
values, resulting in solid shapes and fewer overlapping con-
tributions per pixel. In contrast, densely sampled regions
exhibit higher per-pixel contributions due to many overlap-
ping triangles. As we prioritize adding new triangles to low-
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Figure 10. Qualitative results. We visually compare our method to 2DGS [15] and 3DCS [14]. Triangle Splatting captures finer details
and produces more accurate renderings of real-world scenes, with less blurry results than 2DGS, and a higher visual quality than 3DCS [14].

density regions, we sample from a probability distribution
defined over the inverse of σ.

8.2. Initialization & Hyperparameters.

Initialization. At initialization, each triangle is assigned
a fixed opacity of 0.28, and a sigma value of 1.16. The
scaling constant k of the convex hull is set to 2.2, which
defines the spatial extent of the triangle in the 3D scene.
These parameter values were determined empirically to en-
sure stable initialization and consistent rendering behavior
across scenes.

Densification. We perform densification every 500 itera-
tions, starting from iteration 500 until iteration 25,000. At
each densification step, we increase the number of shapes
by 30%.

All other hyperparameters are defined in Table 6.

8.3. More novel-view synthesis results

Tables 8 to 11 present a detailed analysis of the results on
the Mip-NeRF360 and Tanks and Temples datasets, while
Figure 10 presents additional qualitative results.

8.4. Geometry analysis of Triangle Splatting

Our triangle soup representation is already compatible with
standard mesh-based renderers and can be rendered directly
without modification. However, constructing a connected
mesh from this representation still requires post-processing.
A promising direction for future research is to design mesh-
ing strategies that take full advantage of the explicit triangle
structure inherent to our approach. For completeness, we
applied the meshing method used in 2D Gaussian Splatting
and present the quantitative results on the DTU dataset [17]
in Table 7 and some quantitative results in Figure 11. While
this highlights compatibility with existing techniques, we
advocate for future work to explore more principled and di-
rect meshing methods tailored specifically to triangle-based
representations. Figure 12 shows the normal map produced

Method 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean

3DGS [20] 2.14 1.53 2.08 1.68 3.49 2.21 1.43 2.07 2.22 1.75 1.79 2.55 1.53 1.52 1.50 1.96
SuGaR [11] 1.47 1.33 1.13 0.61 2.25 1.71 1.15 1.63 1.62 1.07 0.79 2.45 0.98 0.88 0.79 1.33
2DGS [15] 0.48 0.91 0.39 0.39 1.01 0.83 0.81 1.36 1.27 0.76 0.70 1.40 0.40 0.76 0.52 0.80
Triangle Splatting 0.98 1.07 1.07 0.51 1.67 1.44 1.17 1.32 1.75 0.98 0.96 1.11 0.56 0.93 0.72 1.06

Table 7. Chamfer distance on the DTU dataset[17]. We report the Chamfer distance on 15 scenes from DTU dataset.
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Figure 11. Mesh extraction from depth maps. We extract
meshes by applying TSDF fusion to the predicted depth maps, as
followed in 2DGS [15].

by Triangle Splatting. The triangles are well aligned with
the underlying geometry. For example, on the Garden ta-
ble, all triangles share a consistent orientation and lie flat
on the surface.

Method LPIPS ↓ PSNR ↑ SSIM ↑
Truck Train Truck Train Truck Train

3DGS [20] 0.148 0.218 25.18 21.09 0.879 0.802
2DGS [15] 0.173 0.251 25.12 21.14 0.874 0.789
3DCS [14] 0.125 0.187 25.65 22.23 0.882 0.820
Triangle Splatting 0.108 0.179 24.94 21.33 0.889 0.823

Table 8. LPIPS, PSNR, and SSIM scores for the Truck and Train
scenes of the T&T dataset.

Bicycle Flowers Garden Stump Treehill Room Counter Kitchen Bonsai

3DGS 0.205 0.336 0.103 0.210 0.317 0.220 0.204 0.129 0.205
2DGS 0.218 0.346 0.115 0.222 0.329 0.223 0.208 0.133 0.214
3DCS 0.216 0.322 0.113 0.227 0.317 0.193 0.182 0.117 0.182
Triangle Splatting 0.190 0.284 0.106 0.214 0.289 0.186 0.171 0.115 0.169

Table 9. LPIPS score for the MipNerf360 dataset.

Bicycle Flowers Garden Stump Treehill Room Counter Kitchen Bonsai

3DGS 25.24 21.52 27.41 26.55 22.49 30.63 28.70 30.31 31.98
2DGS 24.87 21.15 26.95 26.47 22.27 31.06 28.55 30.50 31.52
3DCS 24.72 20.52 27.09 26.12 21.77 31.70 29.02 31.96 32.64
Triangle Splatting 24.90 20.85 27.20 26.29 21.94 31.05 28.90 31.32 31.95

Table 10. PSNR score for the MipNerf360 dataset.

Bicycle Flowers Garden Stump Treehill Room Counter Kitchen Bonsai

3DGS 0.771 0.605 0.868 0.775 0.638 0.914 0.905 0.922 0.938
2DGS 0.752 0.588 0.852 0.765 0.627 0.912 0.900 0.919 0.933
3DCS 0.737 0.575 0.850 0.746 0.595 0.925 0.909 0.930 0.945
Triangle Splatting 0.765 0.614 0.863 0.759 0.611 0.926 0.911 0.929 0.947

Table 11. SSIM score for the MipNerf360 dataset.

8.5. Triangle splatting in a traditional renderer

Stochastic Triangle Splatting renderer. With the stochas-
tic Triangle Splatting renderer, the optimized triangle soup
(including opacity and σ values) can be loaded on a wide
range of machines and hardware, running in real time even

Figure 12. Normal map and rendered image. The normal
map reveals a smooth surface, with the triangle orientations con-
sistently aligned to follow the local geometry.

Hardware OS TFLOPS HD Full HD 4k

MacBook M4 MacOS 8 500 370 160
RTX5000 Windows 11 570 380 290
RTX4090 Linux 48 2,400 1900 1050

Table 12. FPS for different hardware and resolutions. Evalu-
ated on Garden (≈ 2M triangles). OS stands for operating system.

Figure 13. Byproduct of the triangle-based representation. In
a game engine, we render at 3,000 FPS at 1280×720 resolution on
a RTX4090.

at high resolutions. We implemented a browser-based demo
that runs on consumer laptops while still producing high
visual quality. This prototype includes a simple temporal
filtering scheme to reduce noise, with the best quality ob-
tained when the camera is static and a high number of
samples per pixel are accumulated. In practice, mod-
ern game engines already include advanced temporal anti-
aliasing pipelines, which would further suppress noise and
yield visual quality comparable to that achieved at the end
of training.
The browser-based demo can be found under the following
link.
The code of the browser-based demo can be found under
the following link.
Mesh-based novel-view synthesis. To obtain higher visual
quality, we naively prune low-opacity triangles. Specifi-
cally, during the final 5,000 training iterations, we remove
all triangles with opacity below a threshold, retaining only
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solid ones. Additionally, we introduce a loss term to en-
courage higher opacity and lower σ, ensuring that the fi-
nal triangles are mostly solid and opaque. The conversion
from an optimized triangle representation to a solid triangle
representation is straightforward. The opacity and σ vari-
ables are set to 1 and 0, respectively, to obtain opaque and
hard triangles. Finally, the vertex positions and the color of
each triangle are stored in a format compatible with stan-
dard game engines (such as .off). No post-processing is
required. Figure 13 presents qualitative results, while Ta-
ble 12 reports rendering speeds across hardware and res-
olutions. Our method reaches 500 FPS at HD resolution
on a consumer laptop and 2,400 FPS on an RTX 4090
within a game engine, highlighting both efficiency and prac-
tical usability. Compared to stochastic rendering, speed is
higher since no sorting or additional computations are re-
quired, as all triangles are opaque and solid. Future work
could explore training strategies tailored for game engine
deployment, as our current setup targets novel-view synthe-
sis rather than in-engine visual quality. This opens the door
to integrating radiance fields directly into AR/VR and gam-
ing pipelines.
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Part 3

Rise of the Mesh



5. MeshSplatting

5.1. Context

Triangle Splatting significantly bridges neural rendering and classical computer
graphics by replacing Gaussians with triangles as the fundamental rendering primi-
tive. However, it still exhibits two key limitations that prevent seamless integration
into existing graphics engines. First, it produces an unstructured triangle soup,
where triangles are optimized independently without shared vertices and there-
fore lack the topological connectivity required for downstream applications such
as physics-based simulation or consistent surface editing. Second, smoothness and
opacity are treated as independent free parameters during optimization, which leads
to semi-transparent triangles. In contrast, standard game engines assume fully
opaque triangles to efficiently leverage depth buffers and occlusion culling.
To this end, we introduce MeshSplatting, an end-to-end optimization pipeline for
learning structured mesh-based scene representations. Traditional rendering en-
gines are highly optimized for polygonal meshes and rely on well-established mech-
anisms such as depth buffering, back-face culling, and occlusion handling. In con-
trast, splatting-based approaches typically depend on expensive sorting and alpha
blending, which complicates direct integration and often requires custom rendering
pipelines or non-differentiable post-processing steps to extract usable geometry.
MeshSplatting directly addresses these challenges by learning a globally consistent,
connected, and fully opaque triangle mesh representation. Unlike prior splatting-
based methods, it produces a final representation that can be directly imported
into standard real-time 3D engines without any intermediate mesh extraction or
conversion. This makes the representation inherently compatible with hardware-
accelerated graphics pipelines and allows it to fully benefit from established render-
ing techniques such as depth testing and occlusion culling.
MeshSplatting achieves this by fundamentally changing the underlying parameteri-
zation of Triangle Splatting. Instead of treating each triangle as an isolated primitive
with its own dedicated vertices and attributes, which results in a disconnected “tri-
angle soup,” MeshSplatting defines triangles through a shared pool of vertices. In
this updated structure, each vertex individually stores its own spatial position, color,
and opacity. A single triangle is then formed simply by referencing three specific
indices from this shared vertex set. This ensures that during the optimization pro-
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Figure 5.1.: Mesh parametrization. (left) In Triangle Splatting, each triangle
Tm is defined independently by three vertices vi, vj, vk, a color cm, a smoothness
parameter σm, and an opacity om, without sharing vertices with neighboring trian-
gles. This results in a triangle soup with no connectivity between triangles. (right)
MeshSplatting parameterizes a triangle Tm through a shared vertex set, where each
vertex vi stores xi, yi, zi, ci, and oi. Each triangle is defined by the three indices
in the vertex set that compose it. During the backward pass, gradients from all
adjacent triangles are accumulated at shared vertices. The smoothness parameter σ
is shared across all triangles. This parametrization enforces connectivity between
triangles, allowing them to form a coherent mesh topology.

cess, gradients from all adjacent triangles naturally accumulate at their common
vertices. Figure 5.1 illustrates the difference in parametrization between Triangle
Splatting and MeshSplatting. We further enforce structural consistency by refining
vertex positions initialized from a restricted Delaunay triangulation. This induces a
coherent global mesh topology where triangles are no longer independent primitives
but are connected through shared vertices, transforming an unstructured triangle
set into a fully connected surface representation.
Furthermore, MeshSplatting introduces an opacity-aware optimization strategy in
which the training process is explicitly designed to produce fully opaque triangles.
MeshSplatting represents the final step toward unifying neural rendering and clas-
sical computer graphics. To the best of our knowledge, it is the first end-to-end
framework capable of reconstructing large-scale real-world scenes as connected, fully
opaque, colored triangle meshes without relying on post-hoc mesh extraction or
conversion. This direct output enables immediate deployment in existing graphics
ecosystems and unlocks a wide range of downstream applications.
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5.2. Contributions

We summarize our main contributions as follows:

(i) We propose MeshSplatting, an end-to-end framework for reconstructing large-
scale real-world scenes as connected, fully opaque, and colored triangle meshes,
eliminating the need for post-processing.

(ii) We extend the Triangle Splatting parameterization to allow triangles to share
vertices, enabling a structured and consistent surface representation.

(iii) We obtain a globally connected mesh by optimizing vertex positions within a
restricted Delaunay triangulation.

(iv) The training process progressively enforces full opacity, resulting in triangles
that are directly compatible with standard game engines.

Publication and recognition

The work included in this chapter was published as:
Jan Held, Sanghyun Son, Renaud Vandeghen, Daniel Rebain, Matheus Gadelha,
Yi Zhou, Anthony Cioppa, Ming C. Lin, Marc Van Droogenbroeck, and Andrea
Tagliasacchi. MeshSplatting: Differentiable Rendering with Opaque Meshes. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Den-
ver, USA, 2026.
The MeshSplatting project received significant recognition from the research com-
munity. The GitHub repository has already accumulated over 500 stars while being
very recent: https://github.com/meshsplatting/mesh-splatting.
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MeshSplatting: Differentiable Rendering with Opaque Meshes
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Figure 1. MeshSplatting produces a connected mesh composed only of opaque triangles, achieving high-quality novel view synthesis
through end-to-end optimization, with a 2× training speed-up and 2× lower memory usage over current state-of-the-art methods. (a)
Our representation is compatible with standard game engines, requiring no a-posteriori conversion and/or custom rendering routines for
transparency, and natively supports (b) physical interactions, (c) interactive walkthroughs, and (d) ray tracing. (e) MeshSplatting enables
straightforward object extraction, allowing scene elements to be directly exported and imported into game engines.

Abstract

Primitive-based splatting methods like 3D Gaussian Splat-
ting (3DGS) have revolutionized novel view synthesis with
real-time rendering. However, their point-based represen-
tations remain incompatible with mesh-based pipelines that
power AR/VR and game engines. We present MeshSplat-
ting, a mesh-based reconstruction approach that jointly
optimizes geometry and appearance through differentiable
rendering. By enforcing connectivity via restricted Delau-
nay triangulation and refining surface consistency, Mesh-
Splatting creates end-to-end smooth, high-fidelity meshes
that render efficiently in real-time engines. On Mip-
NeRF360 and Tanks&Temples, it boosts PSNR by +0.69 dB,
while training 2× faster and using 2× less memory, bridg-
ing neural rendering and interactive 3D graphics for seam-
less real-time scene interaction. The project page is avail-
able at https://meshsplatting.github.io/.

1. Introduction

Recent advances in novel view synthesis, like 3D Gaus-
sian Splatting [26], have enabled photo-realistic reconstruc-
tion of extremely complex scenes. 3D Gaussian Splatting
encodes scenes with millions of 3D Gaussian primitives,
achieving real-time rendering while also training efficiently.
However, while 3DGS renders with high visual fidelity,
Gaussian primitives are not immediately compatible with
classical graphics pipelines used in simulators, games, and
AR/VR applications, as these are typically based on polyg-
onal meshes.

Therefore, integrating 3DGS in classical pipelines either re-
quires engineering rendering engines [30, 38, 49] and sim-
ulators [36] to support them. However, this is non-trivial
since 3DGS relies on sorting and alpha blending, prevent-
ing the use of standard techniques like depth buffers and oc-
clusion culling [1, 22]. Another line of work is converting
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Gaussian radiance fields into meshes [14, 20, 54]. Although
somewhat effective, all of these conversion approaches rely
on complex post-processing and typically lead to loss of
visual quality, as the conversion step is non-differentiable.
Rather than relying on conversion a-posteriori, we consider
optimizing a mesh directly by making the rasterization pro-
cess differentiable. Early approaches, such as Kato et al.
[25] and Liu et al. [32], enabled differentiable optimization
of solid polygonal surfaces, but they required very careful
initialization for optimization to converge effectively and
are mainly limited to object-level setups rather than large
realistic scenes.
Instead, Held et al. [17] recently proposed to optimize
(potentially transparent) triangles via volumetric rendering,
therefore effectively replacing Gaussians with triangles.
However, when their triangles are rendered in a game en-
gine, a noticeable drop in visual quality occurs, as game en-
gines assume triangles to be opaque. Moreover, Held et al.
[17] outputs a soup of triangles, rather than a connected
polygonal mesh, often needed for physics-based simulation.

Key Contributions. We introduce MeshSplatting to ad-
dress all the aforementioned limitations: (i) an end-to-end
optimization of mesh-based scene representations that re-
tains visual quality while training 2× faster than current
state-of-the-art methods; (ii) rather than a polygon soup,
we generate a connected mesh by refining the vertex loca-
tions of a restricted Delaunay triangulation; (iii) triangles
are naturally connected to each other, and quantities stored
within vertices are smoothly interpolated across each trian-
gle; (iv) the optimization is aware that the triangles should
be opaque, and therefore allowing direct high-quality ren-
dering in standard game engines (see Fig. 1), opening the
door for classical techniques like the use of depth buffers
and occlusion culling [1, 22].
MeshSplatting achieves higher visual fidelity and captures
finer geometric detail compared to modern mesh-based
novel-view synthesis approaches [14, 20, 53, 54]. It is the
first method to reconstruct large-scale real-world meshes
end-to-end, directly producing connected, opaque, and col-
ored triangle meshes without post-hoc extraction. Our rep-
resentation can be directly imported into standard game
engines, enabling a wide range of downstream applica-
tions including physics-based simulation, interactive walk-
throughs, ray tracing, and scene editing, some of which are
illustrated in Figure 1.

2. Related work

Differentiable rendering enables end-to-end optimization
by propagating image-based losses back to scene param-
eters, allowing for the learning of explicit representations
such as point clouds [12, 25], voxel grids [10], polygonal
meshes [25, 32, 33], and more recently, Gaussian prim-

itives [26]. The advent of 3D Gaussian Splatting [26]
showed that it is possible to fit millions of anisotropic Gaus-
sians in minutes, enabling real-time rendering with high fi-
delity. Since then, various directions have been explored
to improve the Gaussian primitive, including the use of 2D
Gaussians [20], generalized Gaussians [15, 45], alternative
kernels [21], and learnable basis functions [6]. Other works
moved beyond Gaussians entirely, investigating different
primitives such as smooth 3D convexes [16], linear prim-
itives [47], sparse voxel fields [44], or radiance foams [11].
More recently, Held et al. [17] advocated for the come-
back of triangles, the most classical primitive in computer
graphics. Several researchers have explored this direction,
proposing triangle-based representations for efficient scene
modeling [4, 24]. However, existing triangle-based methods
usually result in an unstructured triangle soup, with no con-
nectivity between adjacent triangles, and they fail to pro-
duce opaque triangles at the end of training, limiting usabil-
ity in downstream applications. We propose a method that
enforces connectivity, resulting in a mesh of opaque trian-
gles directly compatible with game engines.

Mesh reconstruction from images. Implicit and explicit
methods have made significant progress in reconstructing
3D scenes, but they remain largely incompatible with tra-
ditional game engines that primarily rely on mesh-based
rasterization with depth buffers. Some methods propose
strategies to convert implicit radiance fields into meshes.
BakedSDF [51] learns a neural signed distance field and ap-
pearance and then bakes them into a textured triangle mesh.
Binary Opacity Fields [40] drives densities toward near bi-
nary opacities so surfaces can be extracted as a mesh, and
MobileNeRF [7] distills a NeRF into a compact set of tex-
tured polygons. However, these methods introduce over-
head and increase the overall training time.

Several methods have built upon 3DGS and proposed
ways to extract a mesh from an optimized Gaussian scene.
2DGS [20] and RaDe-GS [54] rely on Truncated Signed
Distance Fields for mesh extraction. Other approaches ex-
tract meshes by sampling a surface-aligned Gaussian level
set followed by Poisson reconstruction [13], or by defining
a Gaussian opacity level set and applying Marching Tetra-
hedra on Gaussian-induced tetrahedral grids [53]. All of
these, however, treat mesh extraction as a separate post-
processing step, decoupled from the optimization process.

More recently, MiLo [14] integrates surface mesh ex-
traction directly into the optimization, jointly refining both
the mesh and the Gaussian representation. However, while
MiLo optimizes the mesh geometry during training, color
still has to be learned separately. Another line of work em-
ploys differentiable meshes for 3D reconstruction [42, 43],
but these methods primarily target synthetic objects and do
not generalize to real-world scenes. In contrast, MeshSplat-
ting directly optimizes opaque triangles together with their
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vertex colors, making the result immediately compatible
with any game engine without additional post-processing
steps.

3. Methodology
We now overview the key components of our method. Sec-
tion 3.1 reviews Triangle Splatting [17], which is used as
volume-renderable primitives for differentiable rendering in
this work. We give an overview of our MeshSplatting rep-
resentation in Section 3.2, and describe the optimization
stages to convert the triangle soup into a connected mesh in
Section 3.3. For the representation to be natively compati-
ble with game engines, triangles need to be opaque, and the
process to achieve this objective is detailed in Section 3.4.
We conclude by detailing other optimization details in Sec-
tion 3.5, such as densification/pruning, and training losses.

3.1. Background
In Triangle Splatting [17], each triangle Tm is defined by
three vertices vi∈R3, a color cm, a smoothness parameter
σm and an opacity om. The rasterization process begins
by projecting each 3D vertex vi of a triangle Tm onto the
image plane using a standard pinhole camera model1. To
determine the influence of a triangle on a pixel p and make
the splatting process differentiable, the signed distance field
ϕ of the 2D triangle in image space is defined as:

ϕ(p) = max
i∈{1,2,3}

Li(p), Li(p) = ni · p+ di, (1)

where ni are the unit normals of the triangle edges pointing
outside the triangle, and di are offsets such that the triangle
is given by the zero-level set of the function ϕ. The signed
distance field ϕ thus takes positive values outside the trian-
gle, negative values inside, and equals zero on its boundary.
The window function I is then defined as:

I(p) =

(
ReLU

(
ϕ(p)

ϕ(s)

))σ

(2)

with s∈R2 be the incenter of the projected triangle (i.e.,
the point inside the triangle with minimum signed distance).
Note how the indicator evaluates to 1 at the triangle incenter,
0 at the boundary and 0 outside the triangle. σ is a smooth-
ness parameter that controls the transition between the in-
center and boundary of the triangle. More specifically, as
σ→0, the representation converges to a solid triangle, while
larger values of σ yield a smooth window function that grad-
ually increases from zero at the boundary to one at the cen-
ter. This triangle parameterization has two main limitations:
triangles remain isolated without vertex sharing, and treat-
ing σ and o as independent free parameters prevents them
from becoming fully opaque after training.

1Unlike 3DGS, linearization of Gaussian projections is required [55],
since perspective projection preserves linearity, 3D triangles remain trian-
gles in 2D screen space.

grad1

grad2

Triangle Soup: no vertex sharing

v3 

Triangle Splatting

grad2

grad1

∑igradiv1={x1,y1,z1,c1,o1}

v4

v2 

T1={v1,v2,v3}

v3 

MeshSplatting

Triangular Mesh: vertex sharing

T2={v2,v3,v4} 
v5

v1={x1,y1,z1}

v4 

v2

v6

T2={v4,v5,v6,c2,o2,σ2}

T1={v1,v2,v1,c1,o1,σ1}

Figure 2. Mesh parametrization. (left) In a triangle soup, each
triangle Tm is defined independently by three vertices vi, vj , vk,
a color cm, a smoothness parameter σm, and an opacity om, with-
out sharing vertices with neighboring triangles. (right) MeshSplat-
ting parameterize a triangle Tm through a shared vertex set, where
each vertex vi stores xi, yi, zi, ci, and oi. Each triangle is defined
by the three indices in the vertex set that compose it. During the
backward pass, gradients from all adjacent triangles are accumu-
lated at shared vertices. The smoothness parameter σ is shared
across all triangles.

3.2. Vertex-sharing triangle representation
In MeshSplatting, we define our mesh vertices as

V = {vi ∈ R3 | i = 1, . . . , N}, (3)

with N denoting their cardinality. Similarly to Son et al.
[43] each vertex is parameterized as vi = (xi, yi, zi, ci, oi),
where (xi, yi, zi) ∈ R3 denotes its 3D position, ci ∈ R3 the
vertex color and oi ∈ [0, 1] the vertex opacity.2 A triangle
is defined by a triplet of vertices Tm = {vi, vj , vk}, its
opacity is set to oTm

= min(oi, oj , ok), and its color at a
point inside the triangle is obtained by interpolating vertex
colors with barycentric coordinates. During differentiation,
vertex positions, colors, and opacities therefore receive the
accumulated gradients from all triangles connected to it, as
shown in Figure 2 (right).

3.3. From soups to meshes
Our optimization executes in two stages that gradually con-
vert an unstructured into a structured representation, as il-
lustrated in Figure 3. This design exploits the fact that, early
in training, unstructured representations are easier to opti-
mize, as they impose less constraints on the representation.
Stage 1. Triangle soup optimization . We start by taking
as input a set of posed images and corresponding camera pa-
rameters obtained from structure-from-motion (SfM) [41],
which also provides a sparse point cloud. For each 3D point,
we initialize an equilateral triangle centered at that point,
with its size proportional to the average distance to its three
nearest neighbors, and random orientation. All triangles are
initially defined as semi-transparent (we selected oi=0.28
via hyper-parameter tuning).

2After training, the opacity parameter is discarded, and all triangles are
treated as fully opaque for compatibility with standard game engines.
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a. SfM point cloud initialization b. transparent & disconnected triangles a. restricted Delaunay triangulation b. opaque & connected triangles

Figure 3. From triangle soups to meshes. (1a) We initialize semi-transparent triangles and scale them based on local density. (1b) We
optimize a semi-transparent triangle soup without shared vertices, leading to disconnected triangles. (2a) Applying restricted Delaunay
triangulation restores global connectivity but introduces geometric artifacts and a loss of visual quality, as vertex colors no longer accurately
align with the underlying geometry. (2b) The final fine-tuning stage refines the connected mesh, producing smooth surfaces, accurate
geometry, and restoring the visual fidelity lost during triangulation. Using only opaque triangles, our method achieves high visual quality
compared to the semi-transparent and isolated triangle soup.

We begin the optimization with this unstructured triangle
soup, i.e. without any connectivity or manifold constraints
between triangles. Each triangle is optimized independently
and can move freely under the influence of image-space gra-
dients. This unconstrained formulation behaves similarly to
point-based splatting, enabling rapid coverage of the visible
scene and fast adaptation to local geometry and appearance.
Note that, while similar, this is not the same as executing
Held et al. [17], as we optimize interpolated vertex quanti-
ties within a triangle, rather than keeping them uniform.

Stage 2. Mesh creation & refinement. To transform our
triangle soup into a connected mesh, we execute a restricted
Delaunay triangulation on the triangle soup [8]. This opera-
tion first compute a standard Delaunay tetrahedralization,
and then identifies tetrahedral faces whose dual Voronoi
edges intersect the surface of the input triangle soup. The
restricted Delaunay triangulation generates a mesh that ap-
proximates the surface, while at the same time, maintain-
ing Delaunay properties (high quality meshing) locally re-
stricted to it. Note that, in contrast to other reconstruc-
tion [28, 34, 35], restricted Delaunay triangulation does not
introduce new vertices or modify their position. Instead, it
reuses the optimized vertices directly, preserving both spa-
tial accuracy and learned appearance.
Given the mesh connectivity from our restricted Delaunay
triangulation, we then continue optimization so to fine-tune
both vertex locations, as well as their appearance. As ver-
tices are shared among adjacent triangles, gradients from
neighboring faces are accumulated at shared vertices, en-
suring that each vertex is updated consistently according to
all incident triangles; see Figure 2. We do not need to intro-
duce additional facets or vertices, as the unstructured trian-

gle soup optimization has already produced a sufficiently
dense set of triangles to capture all spatial regions accu-
rately. After this fine-tuning stage, we obtain a fully opaque
mesh capable to render the scene at high photometric qual-
ity in conventional rendering engines. In the final iterations
of training, we enable supersampling, allowing even small
triangles to receive gradients and be properly optimized.

3.4. Optimizing meshes with opaque triangles
Optimizing meshes composed only of opaque triangles in-
troduces new challenges compared to classical NeRF/3DGS
optimization. To enable gradient propagation through oc-
clusions and allow the representation to be optimized ef-
fectively, the representation must remain semi-transparent
in the early phases of training. There are two degrees of
freedom that we can control in this regard: the per-vertex
opacity parameter o, and the smoothness parameter σ.
Opacity parameter scheduling. We optimize opacity
freely during the initial 5k iterations. Subsequently, we re-
parameterize opacity so that the optimizer is encouraged
to make triangles more opaque. We achieve this by re-
parameterizing opacity values as

o′(o) = Ot + (1−Ot) · sigm(o), (4)

where sigm(.) is the sigmoid function, and scheduling Ot

over time. Note that if Ot = 0 the sigmoid parameterizes
opacities smoothly between 0 and 1. Conversely, if Ot = 1
all the opacities are mapped to a value of 1 (fully opaque
triangles). By linearly increasing Ot from 0 to 1 during
optimization, we can control this behavior smoothly.
Window parameter scheduling. We initialize the win-
dow parameter σ=1.0, corresponding to a linear transition
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Figure 4. Window parameter scheduling. To ensure stable
gradient flow during training, we begin with smooth triangles
(σ=1.0, left) and linearly decrease σ throughout training, resulting
in sharper triangles by the end. We visualize σ for a prototypical
triangle at the beginning and end of each optimization stage.

from the incenter to the triangle boundary, and treat it as a
single parameter, shared across all triangles. Throughout
the training stages detailed in Section 3.3, σ is linearly an-
nealed from 1.0→ 0.0001, ensuring strong gradient flow in
the early stages while converging to opaque triangles at the
end of the optimization process; see Figure 4. Note that this
is in direct contrast to Triangle Splatting, as Held et al. [17]
lets every triangle optimize its own window parameter.

3.5. Optimization details

We now detail our densification/pruning strategies, training
losses, and observations about our rendering process.

Densification. As the initial triangle soup may not be suffi-
ciently dense, we adapt the ideas from 3DGS-MCMC [29]
to spawn additional triangles. At each densification step,
candidate triangles are selected by sampling from a proba-
bility distribution constructed directly from their opacity o
using Bernoulli sampling. Following Held et al. [17], new
triangles are generated through midpoint subdivision: the
midpoints of the three edges of a selected triangle are con-
nected, splitting it into four smaller triangles. The new mid-
points are added to the vertex set V and assigned the average
color and opacity of their two adjacent vertices. We already
exploit the connectivity in the early stages, as it drastically
reduces the number of newly created vertices, resulting in
only 6 new vertices after a split when connected, compared
to 12 in a triangle-soup setting.

Pruning. At iteration 5k (Stage 1, just before opac-
ity scheduling starts), we prune all triangles with opacity
o<0.2, eliminating roughly 70% of primitives. During the
rest of Stage 1, we monitor the maximum volume rendering
blending weight w=T ·o across views, and prune whenever
w<Ot, hence eliminating occluded triangles as the repre-
sentation becomes more opaque. While pruning is disabled
during Stage 2, we perform a final pruning pass over all
training views at the end of training to remove triangles that
were never rendered.

Training losses. We optimize the 3D vertex positions vi,
opacity oi, and spherical harmonic color coefficients ci of
all vertices. Our training loss combines the photometric L1

and LD-SSIM terms from 3DGS [26], the opacity loss Lo

from Kheradmand et al. [29], the depth alignment loss Lz

(detailed below), the normal loss Ln from [20], and the
depth loss Ld from Kerbl et al. [27]:

L = L3DGS + βoLo + βzLz + βnLn + βdLd . (5)

We follow Kerbl et al. [27], and employ Depth Anything
v2 [50] to align the predicted depths using their scale-and-
shift procedure. The normal loss Ln can be supervised ei-
ther by an external normal estimation network [18], or the
self-supervised normal regularization from 2DGS [20], or
both. We employ both supervision sources in all experi-
ments, except for the mesh quality evaluation (Section 4.3),
where we demonstrate that MeshSplatting also performs ef-
fectively even in a self-supervised setting.
Depth alignment loss. To promote the creation of mani-
folds, we align triangles to the observed depth map using
a vertex-to-surface depth loss. To achieve this, for each
rendered vertex vi with predicted depth zi and screen co-
ordinates (xi, yi), we sample the predicted depth z∗i from
the rendered depth map, and (robustly via L1 losses) penal-
ize the depth difference: Lz = 1

N

∑N
i=1 |zi − z∗i | . Unlike

losses like normal consistency [3, 9] or Laplacian [3, 9, 48]
that rely on local mesh connectivity, this formulation acts
on each vertex independently.
Rendering equation. The final color of each im-
age pixel p is computed by accumulating contributions
from all overlapping triangles in depth order: C(p) =∑N

n=1 cTn
oTn

I(p)
(∏n−1

i=1 (1− oTi
I(p))

)
. Analogously

to Chen et al. [7], at the end of training, this simplifies to
C(p)=cTn

I(p), so that only a single evaluation per pixel
is required, significantly accelerating the rendering process
(i.e. over-drawing is zero).

4. Experiments
We compare our method to concurrent approaches on Mip-
NeRF360 [2] and Tanks and Temples (T&T) [31]. We
evaluate the visual quality using standard metrics: SSIM,
PSNR, and LPIPS. Our the total number of used ver-
tices and training times are reported on an NVIDIA A100
(40GB). Following Guédon et al. [14], we focus our eval-
uation on the task of Mesh-Based Novel View Synthesis,
whose evaluation protocol attempts to measure how well
reconstructed meshes reproduce complete scenes. Existing
datasets such as DTU, MipNeRF360, and Tanks&Temples
are limited: MipNeRF360 lacks ground-truth geometry,
DTU only contains simple objects, and T&T provides
sparse annotations with only foreground regions. As a so-
lution, we measure novel view synthesis quality through
the visual consistency between mesh renderings and refer-
ence images, capturing (i) geometric alignment and surface
artifacts, (ii) mesh completeness, and (iii) background re-
construction, even when ground-truth geometry is unavail-
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Characteristics Mip-NeRF360 dataset Tanks & Temples
Mesh Color Connect Ready PSNR↑ LPIPS↓ SSIM↑ |V |↓ PSNR↑ LPIPS↓ SSIM↑ |V |↓

3DGS[26] – – – ✗ 27.21 0.214 0.815 – 23.14 0.183 0.841 –
Triangle Splatting [17] - - - ✗ 27.16 0.191 0.814 - 23.14 0.143 0.857 -

2DGS [20] ✗ ✗ ✓ ✓ 15.36 0.474 0.498 2M 14.23 0.485 0.569 16M
GOF [53] ✗ ✗ ✓ ✓ 20.78 0.465 0.573 33M 21.69 0.326 0.690 12M
RaDe-GS [54] ✗ ✗ ✓ ✓ 23.56 0.361 0.668 31M 20.51 0.344 0.659 10M
MiLo [14] ✓ ✗ ✓ ✓ 24.09 0.323 0.688 7M 21.46 0.348 0.706 4M
Triangle Splatting [17] † ✓ ✓ ✗ ✓ 21.05 0.462 0.558 3M 17.27 0.402 0.600 6M

MeshSplatting ✓ ✓ ✓ ✓ 24.78 0.310 0.728 3M 20.52 0.287 0.745 2M

Table 1. Mesh-based novel view synthesis on the Mip-NeRF360 dataset. MeshSplatting significantly outperforms all concurrent meth-
ods both in visual quality and in compactness, requiring far fewer vertices to achieve superior results. Mesh indicates whether a method
directly produces a mesh (vs. requiring post-processing). Color denotes whether the mesh is already colored or requires some form of
post-processing (e.g., coloring by fine-tuning). Connect specifies whether the final mesh consists of a connected component. Ready means
the output is directly usable in standard game engines without custom rendering shaders. † with only opaque triangles.

able. Finally, to quantitatively assess the mesh quality of
our method, we compute the Chamfer Distance on DTU.
Baselines. We compare our method against Triangle Splat-
ting [17], and meshes derived from MiLo [14], 2DGS [20],
Gaussian Opacity Fields (GOF) [53], and RaDe-GS [54].
For MiLo, surface mesh extraction is integrated into the
optimization itself, so no additional post-processing is re-
quired. In contrast, 2DGS, GOF, and RaDe-GS rely
on mesh extraction as a post-processing operation. Fur-
thermore, all these methods require an additional post-
processing stage to color the mesh, achieved by training
a neural color field for 5k iterations; see MiLo for de-
tails [14]. For Triangle Splatting, we use the opaque† tri-
angles version, as it produces game engine outputs without
additional post-processing needed. For reference, we also
compare against 3DGS [26] to highlight the contrast in ren-
dering quality between volumetric and mesh-based novel
view synthesis. Qualitatively, we compare against cur-
rent state-of-the-art MiLo [14] and Triangle Splatting [17],
which represents the closest line of work to ours.
Implementation details. We set the spherical harmonics to
degree 3, which yields 51 parameters per vertex (48 from
the SH coefficients and 3 from the vertex position) and 3
parameters per triangle (the vertex indices). In comparison,
a single 3D Gaussian requires 59 parameters.

4.1. Mesh-based NVS – Table 1 and Figure 5
Table 1 reports quantitative results on the Mip-NeRF360
and Tanks & Temples datasets for mesh-based novel view
synthesis. Compared to 2DGS and Triangle Splatting,
our method uses a similar number of vertices, yet it
achieves a 4–10 dB higher PSNR and a significantly lower
LPIPS. Compared to GOF, RaDe-GS and MiLo, Mesh-
Splatting uses 2 to 10 times fewer vertices while obtain-
ing significantly higher SSIM and lower LPIPS. In terms
of LPIPS (the metric that best correlates with human vi-
sual perception), MeshSplatting significantly outperforms
all concurrent methods.

Method Train ↓ FPS ↑ (HD) FPS ↑ (Full HD) Memory ↓
GOF 74m OOM OOM 1.5GB
RaDe-GS 84m OOM OOM 1.1GB
MiLo 106m 170 160 253MB

MeshSplatting 48m 220 190 100MB

Table 2. Speed & memory on MipNeRF-360. MeshSplatting
achieves faster training and lower memory usage than concurrent
methods. FPS were measured on a costumer MacBook M4.

On the Mip-NeRF360 dataset, our method achieves sub-
stantially higher PSNR than GOF, RaDe-GS and MiLo. On
T&T, GOF and MiLo attain a higher PSNR but exhibit no-
ticeably lower SSIM and higher LPIPS scores. This sug-
gests that although GOF and MiLo produce highly detailed
meshes, their renderings contain more artifacts, which de-
grade perceptual quality and lead to worse LPIPS and SSIM
scores. We illustrate this qualitatively in Figure 5 and pro-
vide more examples in the supplementary material. Mesh-
Splatting reconstructs fine structures and details more accu-
rately and produces less noisy renderings.

Additionally, note that 2DGS, GOF, and RaDe-GS re-
quire two additional post-processing steps after training:
first extracting a mesh, and then coloring it. MiLo directly
outputs a mesh, but still relies on a post-processing stage
to texture the mesh. These extra steps limit the practicality
of such methods, and increase their overall complexity. In
contrast, we directly produce colored opaque meshes that
are immediately compatible with any game engine, without
requiring additional steps.

4.2. Training speed & memory – Table 2
We report the average training time and final mesh size on
the Mip-NeRF360 dataset. MeshSplatting trains in only 48
minutes on average, achieving a 35–55% speedup over con-
current mesh-yielding methods. Our optimized restricted
Delaunay triangulation runs in under two minutes, con-
tributing negligibly to the total training time. MiLo per-
forms Delaunay triangulation at every iteration, whereas
we run it only once. This results in a training time of
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Figure 5. Qualitative results. Comparison of our method with ground truth, the current state-of-the-art MiLo [14] and opaque† Triangle
Splatting [17]. Our approach produces renderings that are closer to the ground truth, with sharper details and finer structures (see the
Bicycle spokes), and with fewer artifacts (see the table in the Truck scene). More visualizations are available in the supplementary material.

106 minutes for MiLo, compared to just 48 minutes for
MeshSplatting. The final mesh representation produced by
MeshSplatting is substantially more compact, with only 100
MB, which corresponds to a 2.5–15× reduction compared
to concurrent methods. GOD and RaDe-GS require 1.5 GB
and 1.1 GB of memory, respectively, making them imprac-
tical for real-world applications. This compactness enables
MeshSplatting to run efficiently even on consumer hard-
ware, significantly opening its applicability to lightweight
rendering and real-time use-cases. MeshSplatting renders
≈25% faster on a consumer M4 MacBook compared to ex-
isting approaches. GOF and RaDe-GS exceed the device’s
memory capacity, resulting in an out-of-memory error.

4.3. Surface reconstruction
For evaluation on the DTU dataset, we use only self-
supervised regularization (βd to zero) to ensure a fair com-
parison with other methods and to show that MeshSplatting
also performs well in a self-supervised setting. Although we
designed MeshSplatting for mesh-based novel-view synthe-
sis in large and complex real scenes, rather than surface re-
construction, it achieves mesh quality comparable to con-
current methods. Across the 15 scenes, MeshSplatting at-
tains the lowest Chamfer distance in 5 of them. A detailed
comparison table is provided in the supplementary material.

4.4. Applications
We now illustrate a few application demos that are quite dif-
ficult to implement with semi-transparent representations,
yet almost trivial once the scene is represented with opaque
meshes like in MeshSplatting.
Physical simulation. As our representation contains no
semi-transparent primitives, the triangles may directly be
interpreted as hard surfaces for the purpose of physical sim-
ulation. We demonstrate this by using an off-the-shelf non-
convex mesh collider: the one provided in the Unity game

Figure 6. Object segmentation. With MeshSplatting, objects can
be easily extracted or removed from a reconstructed scene, in this
case the flower pot from the Garden scene. From left to right:
generated RGB image of the object, estimated surface normals,
and resulting mesh representation.

engine. With no post-processing, our mesh can be loaded
into Unity, and used for physics interaction with dynamic
objects and characters. Figure 1 showcases a selection of
downstream applications, with additional visualizations in
the supplementary material.

Object segmentation. Current 3D Gaussian Splatting
methods for object extraction or removal [5, 52] face a fun-
damental challenge: a single pixel is rendered by accumu-
lating the contributions of many primitives. This makes it
non-trivial to decide whether a primitive belongs to a given
object. To address this, prior work learns object associations
during optimization [5, 52]. In contrast, MeshSplatting re-
quires no additional tweak. Since each pixel is covered by
exactly one triangle, mapping objects from image space to
3D space becomes straightforward: given a 2D mask of an
object, all triangles contributing to pixels within that mask
are directly identified as part of the object. By iterating over
all training views, we recover the complete set of triangles
belonging to the object. The object masks are generated us-
ing SAMv2 [39], which enables the selection of single or
multiple objects that can then be removed or extracted from
a scene with minimal complexity. Figure 6 shows a qual-
itative example of the extracted flower pot from the Gar-
den scene of the Mip-NeRF360 dataset. Beyond object re-
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0 1 2 3 4+ Mean

Restricted Delaunay 1% 2% 5 % 11% 81% 6.1
With pruning 9% 22% 25% 19% 25% 2.5
Final mesh 2% 9% 16% 20% 53% 3.7

Table 3. Connectivity. Distribution of triangle connectivity on the
Garden scene. The final mesh mostly consists of triangles con-
nected to three or more neighboring triangles, indicating a well-
connected mesh.

PSNR ↑ LPIPS ↓ SSIM ↑
Baseline 24.78 0.31 0.728

w/o SH -2.07 +0.06 -0.069
w/o Ld +0.05 -0.04 +0.006
w/o Lz +0.02 -0.01 +0.002
w/o Ln +0.10 -0.02 +0.004

Table 4. Ablations (Mip-NeRF360). We assess the impact of
each design choice by removing each one of them individually.

moval and extraction, this capability allows the scene to be
segmented into distinct sub-meshes by disconnecting trian-
gles belonging to different objects, enabling structured and
object-aware 3D scene editing.

4.5. Analysis

Mesh connectivity – Table 3. We report the distribution of
triangles according to their connectivity with neighboring
triangles. After the restricted Delaunay triangulation, most
triangles are already well connected, with about 92% hav-
ing at least three neighbors. If pruning is applied immedi-
ately after this step, a large number of triangles are removed
because the Delaunay mesh contains many very small trian-
gles that do not contribute to rendering, significantly reduc-
ing the overall connectivity. Instead, pruning is performed
only after training. We make a final pass over all training
views and remove all triangles that did not contribute to any
rendered image. On average, each triangle is connected to
approximately 3.7 triangles, and fewer than 2% of triangles
remain isolated. Overall, most triangles are connected to
exactly three neighboring triangles.
Ablations – Table 4 and Figure 7. While the regular-
ization terms Ld, Lz , and Ln slightly reduce visual qual-
ity, they significantly improve geometric accuracy and yield
smoother surfaces. The decrease in visual fidelity arises be-
cause the spherical harmonics representation cannot fully
compensate for the reduced geometric flexibility, nor can it
“cheat” by positioning triangles in non-physical configura-
tions to better reproduce local colors or textures. This is fur-
ther confirmed by replacing spherical harmonics with sim-
ple RGB colors, which results in an average drop of about
2 PSNR. This highlights that expressive color representa-
tions are essential for maintaining high visual fidelity with
fully opaque triangles. Future work could decouple geom-
etry and appearance. By employing a more expressive ap-
pearance model, such as neural textures, the representation

(a) no regularization (b) w/o Ld

(c) ours (baseline) (d) stronger regularization

Figure 7. Regularization vs. mesh quality. (a) Without any regu-
larization, the rendered views have high visual quality, but the un-
derlying geometry is inaccurate. (b) The normal loss Ln encour-
ages smoother surfaces, yet without the depth regularization Ld,
a few local regions show minor geometric inaccuracies. (c) Our
baseline model achieves both smooth and geometrically consis-
tent surfaces. (d) Increasing the regularization strength yields even
smoother geometry, but the visual fidelity decreases as spherical
harmonics fail to capture fine appearance details.

could achieve smoother and more accurate geometry with-
out losing appearance information, thereby preserving high
visual fidelity even under strong smoothness constraints.
More ablations are provided in the supplementary material.

5. Conclusions
We introduce a differentiable framework for end-to-end op-
timization of mesh-based scene representations. By re-
formulating the triangle parameterization to enable ver-
tex sharing, our method produces connected meshes while
maintaining high visual fidelity. A redefined training
strategy moves the optimization toward opaque triangles
and connectivity, resulting in a unified representation that
combines high quality appearance and accurate geometry
within a compact, real-time-renderable mesh. MeshSplat-
ting bridges radiance field optimization with traditional
graphics pipelines, paving the way for the practical inte-
gration of neural scene representations into interactive VR
applications, game engines, and simulation environments.
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Bright, Stéfan J. van der Walt, Matthew Brett, Joshua
Wilson, K. Jarrod Millman, Nikolay Mayorov, Andrew
R. J. Nelson, Eric Jones, Robert Kern, Eric Larson, C. J.
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MeshSplatting: Differentiable Rendering with Opaque Meshes

Supplementary Material

5.1. Methodology.

Mesh creation & refinement - Figure 8. We provide an ad-
ditional visualization that illustrates both the visual and ge-
ometric improvements achieved across the different stages.
Figure 8 shows how the geometry evolves by rendering the
mesh without color in Blender. Fine-tuning the output of
the restricted Delaunay triangulation not only enhances vi-
sual fidelity but also leads to more accurate geometry.
Restricted Delaunay triangulation.. As mentioned earlier,
to construct the restricted Delaunay triangulation we first
compute the standard Delaunay tetrahedralization of the in-
put vertices, using the implementation in SciPy [46]. For
each triangular face F in this tetrahedralization, we identify
the two tetrahedra TF

1 and TF
2 that are adjacent to F ; faces

on the boundary of the tetrahedralization that have only a
single incident tetrahedron are discarded. We then compute
the circumcenters of TF

1 and TF
2 , which are vertices of the

dual Voronoi diagram of the Delaunay tetrahedralization.
The dual edge associated with F is obtained by connecting
the circumcenters of TF

1 and TF
2 .

After computing the dual edges E associated with the
Delaunay faces, we determine which of these edges inter-
sect the triangles in our optimized triangle soup. To per-
form intersection tests efficiently, we build a bounding vol-
ume hierarchy over these triangles. During traversal, when
testing an edge in E against a BVH node, we first check for
overlap between their axis-aligned bounding boxes. If the
node is internal, we continue the traversal to its children; if
it is a leaf node, we apply a precise ray–triangle intersection
test based on the Möller–Trumbore algorithm [37]. When-
ever an intersection is detected, we mark the correspond-
ing Delaunay face as part of the output mesh. We imple-
ment this detection pipeline in Taichi [19], whose automatic
CPU/GPU parallelization yields a substantial speedup.
Hyerparameters - Table 5. The code will be released to-
gether with all hyperparameters used, ensuring that all re-
sults are fully reproducible. For completeness, we also list
the most important hyperparameters here.

5.2. Addition experimental results

Detailed results - Table 6 & Table 7 & Table 8 & Fig-
ure 13 & Figure 14. We provide the per-scene results of
MeshSplatting to facilitate detailed comparison and repro-
ducibility. In addition, we provide further qualitative re-
sults demonstrating that MeshSplatting produces renderings
with fewer artifacts and less noise compared to the current
state of the art, MiLo. While MiLo generates high-quality
meshes and therefore achieves a strong PSNR on the T&T

Outdoor Indoor

feature learning rate 0.0016 0.004
opacity learning rate 0.03 0.05
vertex pos. learning rate 0.0015 0.0015

densification start 500 500
densification end 10000 10000
densification interval 500 500
start pruning 4000 3000
pruning threshold 0.235 0.235
mesh creation 11000 11000

βz 0.00025 0.00025
βn 0.0001 0.0001
βd 0.01 0.0
βo 2e-06 0.0

Table 5. Hyperparameters List of the most important hyperpa-
rameters.

Truck Train

PSNR↑ 22.32 18.72
LPIPS↓ 0.237 0.337
SSIM↑ 0.799 0.693

Table 6. Per scene LPIPS, PSNR, and SSIM scores for the Truck
and Train scenes of the T&T dataset.

Bicycle Flowers Garden Stump Treehill

PSNR↑ 23.04 19.34 24.70 24.78 20.53
LPIPS↓ 0.348 0.417 0.217 0.316 0.428
SSIM↑ 0.641 0.480 0.762 0.678 0.540

Table 7. Per-scene PSNR, LPIPS, and SSIM scores for outdoor
MipNeRF360 scenes.

Room Counter Kitchen Bonsai

PSNR↑ 28.52 26.51 27.42 28.19
LPIPS↓ 0.271 0.279 0.227 0.294
SSIM↑ 0.873 0.846 0.858 0.876

Table 8. Per-scene PSNR, LPIPS, and SSIM scores for indoor
MipNeRF360 scenes.

dataset, its outputs exhibit more noise, leading to a higher
LPIPS and a lower SSIM compared to MeshSplatting.
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Stage 1. Triangle soup optimization Stage 2. Mesh creation & refinement
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structure-from-motion point cloud transparent & disconnected triangles restricted Delaunay triangulation opaque & connected triangles

Figure 8. From soups to triangle meshes. The geometry improves significantly after refining the mesh.

Surface reconstruction - Table 10. MeshSplatting attains
the best Chamfer distance on 5 of the 15 scenes. It achieves
a significantly better mean score than Triangle Splatting and
3DGS. Compared to methods specifically tailored for mesh
extraction, our results remain competitive and are on par
with 2DGS. Even though our focus is mesh-based novel
view synthesis, these results show that MeshSplatting also
produces accurate surface meshes.

Fig. 9 shows the visual comparison of the reconstructed
meshes with the current SOTA Milo. We acknowledge that
our surface reconstruction metrics are slightly weaker than
some surface reconstruction-focused methods, as our opti-
mization is driven by rendering losses rather than explicit
surface reconstruction objectives. Nevertheless, our geo-
metric accuracy remains competitive with prior splatting-
based approaches such as 2DGS, while significantly im-
proving efficiency and memory. We agree that reducing
surface noise and further improving geometric fidelity are
important directions for future work, for example, by incor-
porating stronger geometric regularizers or topology-aware
smoothing. Most downstream applications, such as phys-
ical interaction and ray tracing, remain fully compatible,
since they rely on local surface geometry rather than strict
manifoldness. As needed, standard mesh cleanup steps can
be applied as lightweight post-processing.

2M 3M 4M 5M

PSNR↑ 22.14 +0.15 +0.36 +0.46
LPIPS↓ 0.39 -0.02 -0.05 -0.06

Table 9. Number of vertices vs visual quality. MeshSplatting
scales effectively with the number of vertices, showing consistent
improvements in visual quality as the vertex count increases. All
improvements are shown relative to 2M.

(a) Milo (b) MeshSplatting

Figure 9. Surface quality. While 2× faster and using 50% mem-
ory, MeshSplatting achieves competitive surface reconstruction.
Please zoom in to see details.

Impact of triangle count on visual quality - Table 9. We
evaluate the visual quality across different triangle counts
on the outdoor scenes of MipNeRF360, as these scenes of-
fer more room for improvement compared to indoor ones.
Increasing the number of triangles consistently enhances vi-
sual quality, with clear gains in both PSNR and especially
in LPIPS. The results show that MeshSplatting scales well
with triangle count, with visual quality improving consis-
tently as more triangles are used.
Object extraction - Figure 10. Given a 2D mask from
SAMv2, we identify all visible triangles contributing to the
masked pixels and aggregate them across all training views,
yielding the complete set of triangles belonging to the se-
lected object. The entire process takes up to two minutes,
depending on the scene and the number of input views.
Concretely, we first store the object masks for each training
image, then iterate over all views to mark triangles as part
of the object whenever they render at least one pixel within
the mask. The extracted triangles can then be removed or
exported as a standalone submesh without retraining.

5.3. Additional ablations - Table 11

Hard pruning step. An effective pruning strategy is cru-
cial for achieving high visual quality with opaque primi-
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Method 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean

3DGS [26] 2.14 1.53 2.08 1.68 3.49 2.21 1.43 2.07 2.22 1.75 1.79 2.55 1.53 1.52 1.50 1.96
2DGS [20] 0.48 0.91 0.39 0.39 1.01 0.83 0.81 1.36 1.27 0.76 0.70 1.40 0.40 0.76 0.52 0.80
GOF [53] 0.50 0.82 0.37 0.37 1.12 0.74 0.73 1.18 1.29 0.68 0.77 0.90 0.42 0.66 0.49 0.74
RaDe-GS [54] 0.46 0.73 0.33 0.38 0.79 0.75 0.76 1.19 1.22 0.62 0.70 0.78 0.36 0.68 0.47 0.68
MiLo [14] 0.43 0.74 0.34 0.37 0.80 0.74 0.70 1.21 1.22 0.66 0.62 0.80 0.37 0.76 0.48 0.68
Triangle Splatting [17] 0.98 1.07 1.07 0.51 1.67 1.44 1.17 1.32 1.75 0.98 0.96 1.11 0.56 0.93 0.72 1.06

MeshSplatting 0.77 0.72 0.74 0.60 0.89 1.00 0.81 1.09 1.19 0.58 0.68 0.93 0.63 0.66 0.59 0.79

Table 10. Chamfer distance on the DTU dataset [23]. MeshSplatting achieves performance comparable to concurrent methods.

Figure 10. Object extraction. Additional visual examples demon-
strating the object extraction capabilities of MeshSplatting. From
left to right: generated RGB image of the object, estimated surface
normals, and resulting mesh representation.

PSNR ↑ LPIPS ↓ SSIM ↑
Baseline 24.78 0.31 0.728

w/o hard pruning -0.67 +0.02 -0.021
w/o stage 2 -8.56 +0.25 -0.260
w/o supersampling -0.80 +0.04 -0.040
w/o w pruning -0.62 +0.05 0.045
w/o SH -2.07 +0.06 -0.07
prune w/o conn. -0.19 +0.01 -0.01

w/o Ld +0.05 -0.04 +0.006
w/o Lz +0.02 -0.01 +0.002
w/o Ln +0.10 -0.02 +0.004

w/o sigma decay -7.96 +0.27 -0.329
cosine opacity schedule -0.20 +0.01 -0.01
cosine σ schedule -0.76 +0.03 -0.028

Table 11. Detailed ablations (Mip-NeRF360). We isolate the
impact of each design choice by removing them individually.

tives. Without the hard pruning step at iteration 5k, visual
quality degrades noticeably. Unnecessary triangles remain
in the scene and can no longer be removed.
W/o stage 2. Running restricted Delaunay triangulation di-
rectly on the SfM point cloud produces a connected mesh
that is not yet geometrically consistent, leaving many re-
gions, particularly in the background, uncovered. Train-
ing with only connected triangles restricts the degrees of
freedom of both vertices and triangles, making optimization

considerably harder and leading to a drop in visual quality.

W/o supersampling. To reduce aliasing from opaque tri-
angles, similar to Chen et al. [7], we render at s× the target
resolution, and then downsample to the final resolution us-
ing area interpolation, which averages over input pixel re-
gions to implement a box anti-aliasing filter. By disabling
supersampling during the final training iterations and test-
ing, visual quality decreases. This occurs because the rep-
resentation uses fully opaque triangles, and metrics such as
PSNR penalize small pixel-level shifts. When supersam-
pling followed by average downsampling is applied, transi-
tions between triangles become smoother, leading to more
continuous transitions and higher visual quality. We applied
anti-aliased rendering for both training and testing.

W/o w pruning. When pruning is based only on opacity
rather than the maximum blending weight w, many unnec-
essary triangles remain in the scene. As these triangles
become opaque, they introduce artifacts and reduce visual
quality.

W/o SH. When training with only RGB colors, the vi-
sual quality drops significantly. The opaque and connected
triangles struggle to accurately reproduce fine texture de-
tails. Real-world scenes exhibit complex spatial variations
in color and illumination, which would require an impracti-
cally large number of triangles to model using RGB alone.
Incorporating spherical harmonics enables each triangle to
capture part of this variation, resulting in a noticeably im-
proved appearance. This observation suggests that a more
expressive appearance model could further enhance visual
fidelity. Future work could explore learning per-triangle
textures either jointly during training or as a post-processing
refinement, as done in recent mesh-based methods. Such an
approach could further narrow the visual quality gap be-
tween 3D Gaussian-based representations and fully opaque
triangle-based ones.

Pruning w/o connectivity.. During the first stage, we ex-
ploit triangle connectivity by applying midpoint subdivision
while ensuring that all four newly created triangles remain
connected. This approach reduces the number of introduced
vertices by half: subdividing each triangle would yield 12
vertices, whereas maintaining shared connectivity requires
only 6. By connecting triangles, we can allocate a larger
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(a) Without Lz (b) With Lz

Figure 11. Impact of the Lz regularization term. With the reg-
ularization we obtain smoother surfaces.

(a) With noise (b) After training

Figure 12. Noisy vertices. Even with geometric noises on the
vertices, MeshSplatting remains robust and delivers high visual
quality.

portion of the memory budget to rendering more vertices
and triangles, which leads to improved visual quality.
W/o Lz - Figure 11. Even with normal regularization, some
triangles remain misoriented. By pushing the vertices closer
to the surface, we improve both mesh smoothness and nor-
mal consistency. The vertex regularization term Lvertex re-
duces artifacts and promotes smoother surfaces, particularly
in background regions with weaker supervision.
Cosine scheduler. Compared to a linear schedule for in-
creasing opacity and decreasing σ, we also experimented
with a cosine scheduler. However, performance, particu-
larly for σ, drops noticeably. The main reason is that the
linear schedule maintains higher σ values for longer, al-
lowing gradients to remain stable during the final iterations,
whereas the cosine scheduler reaches low σ values earlier,
causing gradients to vanish prematurely. Finally, we also
analyze the impact of initialization. Instead of starting from
soft triangles (i.e., σ = 1.0) that gradually converge toward
solid ones, we evaluate the case where training begins di-
rectly with fully solid triangles. In this case, gradients can
only flow through the opacity term, causing optimization to
stagnate. As a result, both performance and visual quality
degrade noticeably due to severe vanishing gradients.
Noisy input to restricted Delaunay triangulation.. We
analyze the impact of noisy vertex positions as input to
the restricted Delaunay triangulation. We inject scale-
normalized Gaussian noise with a standard deviation equal

to 1% of the scene extent into triangle-soup vertices prior
to triangulation. Fig. 12 shows that even under strong geo-
metric noise, the method exhibits only a minor performance
degradation, with only +0.22 PSNR and -0.02 in LPIPS.
In practice, before triangulation we already remove low-
opacity triangles, and enforce depth and normal regular-
ization’s that removes floating artifacts and large geometric
outliers during the triangle-soup stage.

5.4. Mesh connectivity.
The resulting mesh exhibits a vertex–face ratio of 0.48,
which is close to the theoretical 0.5 expected for a closed
manifold surface, indicating that the global mesh topology
is already compact and near-manifold despite local non-
manifold regions remaining. For reference, a completely
isolated mesh with no vertices-sharing, would have a ratio
of 1.5. We further analyze vertex connectivity by measuring
the number of incident triangles (vertex valence) across the
reconstructed mesh. The mean valence is 6.2 with a median
of 5, which aligns with the expected value of 6 for regu-
lar triangular tessellations but with a broader distribution.
Roughly 35% of vertices exhibit low valence (≤ 4), indi-
cating remaining boundary regions and small disconnected
fragments, while about 30% fall within the regular interior
range (5–8). A small fraction (< 10%) shows high valence
(> 12), corresponding to locally dense or merged zones.
This distribution shows that while the mesh is largely con-
nected and compact, it remains not fully watertight.

5.5. Limitations

Limitations. MeshSplatting achieves high visual qual-
ity and accurate reconstruction in regions where the ini-
tial point cloud is dense. In contrast, background areas
with sparse coverage still exhibit incomplete geometry and
reduced fidelity. Moreover, when moving outside the or-
bit of training views, the visual quality degrades. While
the softness and opacity of Gaussian-based approaches may
still provide slightly plausible results in such cases, our use
of opaque triangles makes the artifacts more pronounced.
Furthermore, transparent objects such as glasses or bottles
remain difficult to represent using only opaque triangles.
Finally, MeshSplatting does not explicitly enforce water-
tightness; however, the resulting meshes can be directly
used in many downstream applications, offering an effec-
tive trade-off between simplicity, usability, and high visual
quality. Future work could incorporate additional regular-
ization terms to constrain vertex motion and prevent self-
intersections or overlaps.
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Figure 13. More qualitative results on the Tanks and Temples dataset. MeshSplatting reconstructs more details and finer structures
compared to concurrent works. While MiLo achieves a higher PSNR, MeshSplatting produces fewer artifacts and less noisy renderings,
which results in a significantly lower LPIPS and a higher SSIM.
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Figure 14. More qualitative results on the MipNeRf-360. MeshSplatting is able to reconstruct fine details with only opaque triangles.
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6. Conclusions and perspectives

6.1. This thesis

This thesis introduces a series of improved splatting representations for radiance
field rendering, progressively moving from flexible volumetric primitives to explicit
surface-based geometry. The central objective of this work was to bridge the gap
between modern neural rendering approaches and classical computer graphics while
maintaining the efficiency and differentiability of splatting-based rendering.
First, we introduced 3D Convex Splatting, a radiance field representation based on
smooth convex primitives. By replacing Gaussian primitives with adaptive convex
shapes, this approach enables denser scene representations using fewer primitives
and parameters. The resulting representation improves reconstruction quality, par-
ticularly on challenging scenes such as Tanks&Temples and indoor environments
from the Mip-NeRF360 dataset. By combining the flexibility of convex geometry
with efficient primitive-based rendering, 3D Convex Splatting demonstrates that
richer geometric primitives can improve reconstruction accuracy.
Building on this idea, we continued with Triangle Splatting, a differentiable render-
ing technique that directly optimizes triangle primitives for novel view synthesis.
By leveraging the fundamental primitive used in traditional mesh representations,
this approach connects neural rendering with decades of GPU-accelerated graphics
research. Triangle Splatting achieves high visual fidelity while maintaining fast ren-
dering speeds, demonstrating that explicit surface primitives can serve as an effective
alternative to volumetric or implicit representations. However, while the resulting
triangle soups can already be rendered using standard graphics pipelines, generat-
ing a connected mesh still requires additional processing. Furthermore, large-scale
outdoor scenes can occasionally produce floaters, as surface primitives receive less
training supervision compared to volumetric representations that are visible from
more viewpoints.
Finally, we introduced MeshSplatting, a differentiable framework for end-to-end opti-
mization of connected mesh representations, representing the final step toward unify-
ing neural rendering and classical computer graphics. By reformulating the triangle
parameterization to enable vertex sharing, our method produces coherent meshes
while preserving the high visual fidelity achieved by splatting-based rendering. A
modified optimization strategy encourages opaque surfaces and mesh connectivity,
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resulting in a unified representation that combines accurate geometry, compact stor-
age, and real-time rendering performance. This representation further strengthens
the connection between neural radiance field optimization and traditional graphics
pipelines. To the best of our knowledge, it is the first end-to-end framework capable
of reconstructing large-scale real-world scenes as connected, fully opaque, colored
triangle meshes without relying on any postprocessing methods. This direct output
enables immediate deployment in existing graphics ecosystems and unlocks a wide
range of downstream applications.
Taken together, these contributions demonstrate a progression toward increasingly
structured scene representations. Starting from convex volumetric primitives, mov-
ing to unstructured triangle surfaces, and ultimately arriving at connected mesh
representations, this work explores how geometric structure can be integrated into
splatting-based rendering frameworks. The results show that introducing explicit
geometry can improve interpretability, efficiency, and compatibility with existing
graphics tools while maintaining the differentiability required for modern optimiza-
tion-based reconstruction methods.
Overall, this thesis highlights the potential of structured splatting representations as
a bridge between neural rendering and classical computer graphics. By combining
efficient differentiable rendering with explicit geometric primitives, these methods
move toward practical scene representations that are both high quality and directly
usable in real-time graphics pipelines.

6.2. So, what’s next?

6.2.1. The future of splatting

MeshSplatting opens the door to a range of promising research directions. First,
the current formulation does not explicitly enforce watertightness. Future work
could incorporate additional regularization terms to better constrain vertex motion
and prevent self-intersections or overlaps, ultimately leading to cleaner and more
physically consistent meshes.
Another interesting direction is to move towards a more natural and elegant ap-
proach to learning the connectivity of triangles during optimization. The model
should be able to decide which triangles should be connected and which should
remain separate during optimization. Recent concurrent work suggests that such
strategies are do-able, at least at object-level reconstruction [8, 7].
Finally, improving the representation of appearance remains an important direction
for future research. MeshSplatting currently relies on spherical harmonics, which
are not ideal for modeling complex view-dependent effects and are not natively
compatible with standard game engines. Learning explicit texture maps during
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optimization could both improve visual fidelity and enable more seamless integration
into existing graphics pipelines.

6.2.2. Novel view synthesis

A key challenge for achieving high-quality novel view synthesis has traditionally
been the availability of dense training views. In particular, having a large num-
ber of images with accurate camera poses directly leads to significantly improved
reconstruction quality. While this dependence on input coverage remains mostly
unchanged, recent advances in image and video generation models have opened the
door to a fundamentally different paradigm.
Instead of relying on densely captured scenes, it is now becoming possible to gen-
erate immersive environments from sparse inputs, such as a single image or even a
textual description. This shift moves novel view synthesis beyond reconstruction to-
ward generative scene creation, where entire worlds can be synthesized and explored
without extensive data capture.

6.2.3. Adoption by the industry

A final question remains: can Triangle Splatting and MeshSplatting overcome the
current dominance of Gaussian-based representations and become the preferred
primitives in industry?
Despite the advantages of Triangle Splatting and MeshSplatting in terms of struc-
ture, efficiency, and compatibility with established graphics pipelines, 3D Gaussian
Splatting currently benefits from two decisive advantages: widespread adoption and
a large, active community. Since its introduction, Gaussian-based representations
have attracted significant attention in both academia and industry, resulting in a
rapidly growing ecosystem of optimized implementations, open-source libraries, and
practical tools. This strong momentum lowers the barrier to entry and makes Gaus-
sians an appealing choice for rapid deployment and reliable baseline performance.
Nevertheless, Triangle Splatting and MeshSplatting offer multiple advantages that
outperform Gaussians even with a smaller research community.
First, both representations are aligned with modern graphics hardware. Triangles
remain the native rendering primitive of GPUs, allowing Triangle Splatting and
MeshSplatting to directly benefit from decades of hardware acceleration and highly
optimized rendering pipelines. This leads to efficient rasterization, and straightfor-
ward integration into existing real-time engines, without the need for specialized
CUDA kernels or custom rendering backends. This advantage becomes particularly
important in scenarios, where large-scale scenes must be rendered under strict la-
tency and power constraints on limited hardware such as in augmented and virtual
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reality. In this context, Triangle Splatting and MeshSplatting enable the efficient
rendering of a large number of primitives while maintaining real-time performance,
making them especially well suited for VR headsets and other resource-constrained
devices.
Additionally, compatibility with existing production pipelines is a key advantage.
Most industrial workflows in gaming, visual effects, and simulation are built around
mesh-based representations. Triangle Splatting and MeshSplatting can be inte-
grated into these established pipelines with minimal adaptation, enabling a seamless
transition from learned representations to directly deployable assets. In contrast,
Gaussian-based methods typically require additional conversion steps or specialized
rendering solutions, which introduce overhead and increase complexity.
Taken together, these properties suggest that Triangle Splatting and MeshSplatting
are not only competitive with Gaussian representations in terms of quality, but also
more suitable for long-term industrial deployment, where efficiency and straightfor-
ward integration into existing pipelines are critical requirements.

72



Bibliography
[1] Jan Held, Sanghyun Son, Renaud Vandeghen, Daniel Rebain, Matheus Gadelha,

Yi Zhou, Anthony Cioppa, Ming C. Lin, Marc Van Droogenbroeck, and Andrea
Tagliasacchi. MeshSplatting: Differentiable rendering with opaque meshes. In
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Denver, CO, USA, Jun.
2026.

[2] Jan Held, Renaud Vandeghen, Adrien Deliège, Daniel Hamdi, Abdullah Rebain, Silvio
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A. Appendix

A.1. General context

Association football, also named football or soccer, is one of the most widely followed
sports in the world, where referees are responsible for enforcing the rules of the game
and ensuring fair competition. However, refereeing decisions are often difficult to
make in real time due to the speed and complexity of the game. Incidents such
as fouls, tackles, and physical duels between players can be ambiguous and require
careful interpretation of the Laws of the Game. Incorrect decisions may significantly
influence the outcome of matches and can have substantial sporting and financial
consequences for teams and organizations.
Over the past decades, technological assistance for referees has progressively evolved.
Initially, referees relied solely on their perception and communication with assistant
referees on the field. Later, wireless communication systems allowed referees to
coordinate more effectively during matches. Further technological advances led to
the introduction of goal-line technology, which automatically determines whether
the ball has fully crossed the goal line. More recently, the Video Assistant Referee
(VAR) system was introduced to allow referees to review potentially game-changing
incidents using video replays. These developments illustrate the increasing role of
technology in improving decision-making in professional football.
Despite its benefits, the VAR system still has several limitations. First, it requires
significant infrastructure, including multiple calibrated cameras, specialized equip-
ment, and additional referees operating in a video control room. Consequently, such
systems are typically only available in top-tier professional leagues and major in-
ternational competitions. Lower-tier leagues and amateur competitions often lack
the financial resources and personnel necessary to deploy this technology. In addi-
tion, referee shortages worldwide further complicate the deployment of systems that
require additional officials.
Another challenge concerns the consistency and transparency of refereeing decisions.
Even when video assistance is available, different referees may interpret similar sit-
uations differently, leading to perceived inconsistencies between matches or leagues.
Furthermore, the reasoning behind decisions is often difficult for players, coaches,
and spectators to understand, which can reduce trust in the decision-making pro-
cess. These issues highlight the need for automated systems capable not only of
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assisting referees but also of providing consistent and transparent decision support.
Recent advances in computer vision and deep learning have opened new possibilities
for analyzing sports videos automatically. In particular, modern video understand-
ing methods can recognize complex actions, track players, and interpret interactions
between athletes in dynamic environments. These techniques have already shown
promising results in several sports analytics tasks, including player detection, ac-
tion recognition, and tactical analysis. However, the automatic interpretation of
refereeing decisions remains a challenging problem due to the fine-grained and often
subjective nature of football fouls.
To address these challenges, we first introduced the Video Assistant Referee Sys-
tem (VARS), a computer vision framework designed to analyze football incidents
automatically from multiple camera views and assist referees in making decisions.
VARS leverages multi-view video analysis to classify whether an action constitutes
a foul, determine the type of foul, and estimate the appropriate disciplinary sanc-
tion. The system is supported by a dedicated dataset of football fouls captured from
multiple broadcast viewpoints and annotated by professional referees, enabling the
development and evaluation of automated refereeing models. The full architecture
and dataset description are provided in section A.4.
In our second publication, we introduce an attention mechanism that enables the
model to identify which viewpoints are most informative for its prediction by as-
signing them higher weights than others. This attention is learned during training
and can later be interpreted as an indicator of which views the model relies on most
for its decision. This information can be leveraged for camera selection in human
refereeing or for broadcasting applications to highlight the most relevant viewpoint
for viewers. Further details are provided in section A.5.
While automated decision systems can improve consistency and scalability, they
also raise important questions regarding transparency and explainability. Modern
deep learning models often operate as black boxes, making it difficult to understand
the reasoning behind their predictions. In domains where decisions have significant
consequences, such as healthcare, autonomous driving, or sports officiating, the
ability to explain model predictions is essential to build trust and facilitate adoption.
To address this limitation, we extended the VARS framework by introducing X-
VARS, an explainable video assistant referee system based on multi-modal large
language models. X-VARS combines visual information extracted from video clips
with language modeling capabilities to generate explanations for refereeing decisions.
In addition to predicting whether a foul occurred and determining the appropriate
sanction, the system can describe the observed action, answer refereeing questions,
and justify its decisions using natural language.
The development of X-VARS was supported by the creation of a new dataset,
SoccerNet-XFoul, which contains thousands of video clips paired with refereeing
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questions and detailed answers provided by experienced referees. This dataset en-
ables the training and evaluation of models capable of both understanding football
incidents and explaining their reasoning in accordance with the Laws of the Game.
Further details are provided in section A.6.

A.2. Conclusion and perspectives

Together, VARS and X-VARS represent important steps toward automated and ex-
plainable referee assistance systems. By combining advances in multi-view video un-
derstanding with recent progress in multi-modal language models, these approaches
aim to improve the accuracy, accessibility, and transparency of decision support
tools for football refereeing. Ultimately, such systems could support referees across
all levels of the sport, from elite competitions to amateur leagues. In professional
settings, VAR referees could benefit from faster decision-making through a VARS-
based assistant that immediately highlights the most informative viewpoints. In
amateur leagues, where video assistant refereeing is often infeasible due to financial
and human resource constraints, matches are typically officiated by only a few ref-
erees, and sometimes even a single referee. In this context, a lightweight VARS-like
system could help reduce critical errors and improve decision quality, contributing
to fairer play across all levels of competition.
Integrating novel view synthesis into X-VARS can further enhance its capabilities.
By generating alternative viewpoints, referees would be able to inspect fouls from the
most informative angles, improving their ability to assess fouls and make accurate
decisions.
A natural next step is the development of an AI system that automatically iden-
tifies the optimal viewpoint for each situation, selecting the view that maximizes
relevant visual information for human decision-making. Such a system would not
only improve the quality of refereeing decisions, but also increase their speed, as the
most informative camera angle could be provided instantly and adaptively without
manual selection.

A.3. Contributions of this appendix

A.3.1. List of publications included in this appendix

Section A.4 Jan Held*, Anthony Cioppa*, Silvio Giancola*, Abdullah Hamdi, Bernard
Ghanem, and Marc Van Droogenbroeck. VARS: Video assistant referee system
for automated soccer decision making from multiple views. In IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. Work. (CVPRW), pages 5086–5097,
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Vancouver, Can., Jun. 2023.
Author contribution. As lead author, I co-designed the method, implemented
the training pipeline, conducted the experiments, and constructed the dataset.
Hani Itani contributed through extensive discussions and assisted with parts
of the training pipeline implementation.

Section A.5 Jan Held, Anthony Cioppa, Silvio Giancola, Abdullah Hamdi, Christel De-
vue, Bernard Ghanem, and Marc Van Droogenbroeck. Towards an AI-powered
video assistant referee system (VARS) for association football. In Scand. Conf.
Image Anal. (SCIA), volume 15725 of Lect. Notes Comput. Sci., pages
295–309, 2025.

Section A.6 Jan Held*, Hani Itani*, Anthony Cioppa, Silvio Giancola, Bernard Ghanem,
and Marc Van Droogenbroeck. X-VARS: Introducing explainability in foot-
ball refereeing with multi-modal large language models. In IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. Work. (CVPRW), pages 3267–3279, Seattle,
WA, USA, Jun. 2024.
Author contribution. As lead author, I co-designed the method, implemented
the training pipeline, conducted the experiments, and constructed the dataset.
Anthony Cioppa and Silvio Giancola provided valuable guidance and expertise,
contributed to the method design, and supported the writing and refinement
of the manuscript.

A.3.2. List of software related to this appendix

A major contribution of this thesis is the open-source release of all code, enabling
other researchers to build upon our work. VARS and X-VARS have also gained close
to 100 GitHub stars, reflecting strong community interest and adoption.

A.3.3. Participation in the organization of SoccerNet challenges

I was part of the organizing team of the SoccerNet challenges 2023, 2024, 2025, and
2026, and served as lead organizer for the Multi-View Foul Recognition Challenge
in 2024 and 2025, as well as the Novel View Synthesis Competition in 2026 (cur-
rently ongoing). The Multi-View Foul Recognition Challenge attracted more than
40 participants over two editions. As lead organizer, I was also featured in the of-
ficial YouTube presentations of the challenges: https://www.youtube.com/watch?
v=UDeSdOR9Ing and https://www.youtube.com/watch?v=J3c4YTME5ZQ.
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Abstract

The Video Assistant Referee (VAR) has revolutionized as-
sociation football, enabling referees to review incidents on
the pitch, make informed decisions, and ensure fairness.
However, due to the lack of referees in many countries and
the high cost of the VAR infrastructure, only professional
leagues can benefit from it. In this paper, we propose a
Video Assistant Referee System (VARS) that can automate
soccer decision-making. VARS leverages the latest findings
in multi-view video analysis, to provide real-time feedback
to the referee, and help them make informed decisions that
can impact the outcome of a game. To validate VARS, we in-
troduce SoccerNet-MVFoul, a novel video dataset of soccer
fouls from multiple camera views, annotated with extensive
foul descriptions by a professional soccer referee, and we
benchmark our VARS to automatically recognize the char-
acteristics of these fouls. We believe that VARS has the po-
tential to revolutionize soccer refereeing and take the game
to new heights of fairness and accuracy across all levels of
professional and amateur federations.

1. Introduction

Over the past decades, the technology used by refer-
ees in soccer has undergone a drastic evolution. Before
the beginning of this century, referees and their assistants
only relied on their own judgment, and the communica-
tion between them was based on eye contact and body
language. The French and Scottish refereeing trios were
the first ones to be linked through wireless mini-earphones
during league matches, facilitating communication among
them [56]. Nowadays, wireless headsets are essential pieces
of equipment for referees worldwide, made mandatory for
high-level competitions. Another important breakthrough
in professional soccer was the introduction of goal-line

(*) Denotes equal contributions
Contacts: jan.held@student.uliege.be, silvio.giancola@kaust.edu.sa, an-
thony.cioppa@uliege.be. Data/code available at www.soccer-net.org.

Figure 1. Video Assistant Referee System (VARS). We propose
an automated VARS for automatically classifying whether an ac-
tion is a foul, determining the type of foul (e.g., ‘Tackling’, ‘Push-
ing’, etc.), and the appropriate punishment the player should re-
ceive for the foul (i.e., ‘No card’, ‘Yellow card’, or ‘Red card’)
from a multi-view camera setup.

technology, which uses a combination of cameras and sen-
sors to determine whether the entire ball has crossed the
goal line or not. This technology aims to prevent controver-
sial goals such as the famous “ghost goal” scored by Geoff
Hursts in the 1966 World Cup final against Germany, where
the ball may not have fully crossed the line and led to Eng-
land receiving the world champion title [17]. Successively,
the International Football Association Board (IFAB) ap-
proved the introduction of extra referees, namely the video
assistant referees (VAR), to prevent game-changing errors.
More recently, artificial intelligence systems appeared for
the first time during the World Cup 2022 in Qatar. Semi-
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automated offside technology now supports the VAR to help
referees make faster, more accurate, and more reproducible
offside decisions [18]. This new system relies on 12 well-
calibrated cameras to track the ball and the player’s body
pose, sending an automated offside alert to the video assis-
tant referee inside the video operation room. This shows
that soccer is moving towards more assistance or even auto-
mated systems to help referees make better decisions.

However, despite its intention to improve the accuracy
of referee decisions, VAR has become a source of frustra-
tion and anger for many football fans around the world.
Since we have a different video assistant referee for each
game, we do not always have consistent decisions. Some-
times the VAR predicts different outcomes for similar sit-
uations in different games and leagues. Moreover, the im-
plementation of the VAR technology and infrastructure re-
quires a substantial financial investment, limiting its acces-
sibility to only the top-tier leagues and clubs. As a result,
semi-professional or amateur leagues are unable to bene-
fit from the VAR due to financial constraints. Additionally,
the shortage of referees worldwide makes it impossible in
staffing additional referees as Video Assistant Referees, ex-
cept for the professional leagues.

In this work, we propose a first step towards a fully au-
tomated “Video Assistant Referee System” (VARS) which
could support or replace the current VAR. We attempt to
automatically predict all fouls and suggest appropriate sanc-
tions to the players. In case the on-field referee makes a sig-
nificant mistake, our VARS could intervene to suggest a re-
vision. It is intended that, just like regular VAR, our VARS
serves as a support system for the referee, but the final deci-
sion remains in the hands of the on-field referee. To achieve
this objective, we rely on multi-view uncalibrated camera
video streams, which are already leveraged to edit broad-
cast games. Specifically, we release a new dataset compris-
ing 3,901 actions with multi-view clips of 5 seconds around
the action, annotated by a professional referee. We focus
our analysis on the classification of foul types and evaluate
their severity to identify the sanction for the player. Prac-
tically, our VARS analyses the different streams and com-
bines the information from the multiple cameras. We show
that using a multi-view system largely improves the perfor-
mance compared to a single view and that we reach good
performance on our video recognition tasks.

Contributions. We summarize our contribution as follows:
(i) We publicly release SoccerNet-MVFouls, a new multi-
view video dataset containing video clips captured by mul-
tiple cameras, annotated with 10 properties. (ii) We pro-
pose VARS, a new multi-camera video recognition system
for classifying fouls and their severity. (iii) We propose
a thorough study of using multiple views and how differ-
ent types of camera views can influence the performance of
VARS on two new video recognition tasks.

2. Related work

Sports understanding. As a research topic, sports video
understanding has increased in popularity thanks to its chal-
lenging and fine-grained nature [41, 54]. Nowadays, most
state-of-the-art automatic methods are based on deep learn-
ing and have shown impressive performance on tasks such
as player detection and tracking [7, 39, 58], tactics analy-
sis [53], pass feasibility [2] and prediction in soccer [25],
talent scouting [11], or player re-identification in occluded
scenarios [50]. Video classification started as a key area
of research in this field [65], with approaches proposed to
recognize specific actions [32, 45] or distinguish between
different game phases [8]. With the growing interest in
temporal activity localization [3], the task of action spot-
ting [4,6,10,26,48,49,67] has gained interest as it provides
precise localization of specific actions within a soccer game.

The progress in those tasks was made possible thanks to
the availability of large-scale datasets [28,43,46,57,66]. Gi-
ancola et al. [20] introduced the SoccerNet dataset, which
has grown to be the most extensive collection of data and
annotations for video understanding in soccer, including
benchmarks for 10 different tasks, ranging from broadcast
understanding [12], field understanding [5] and player un-
derstanding [9]. The SoccerNet team also organizes yearly
competitions on these different tasks to foster research in
the field [21]. The dataset presented in this paper extends
SoccerNet by proposing a novel multi-view video collec-
tion including foul annotations for video recognition tasks.

Video understanding. For a long time, video understand-
ing lagged behind image understanding due to the lack of
large-scale video datasets such as ImageNet or CIFAR-
100 [13, 34] in the video domain. However, the release of
large video understanding datasets such as UCF101 [51],
ActivityNet [3], YouTube-8M [1], and Kinetics [31] has led
to a surge in popularity and interest in the field. Video un-
derstanding tasks include video classification [16, 30, 42],
action recognition [47, 61], video captioning [19, 33, 63],
and video generation [36].

The interest in developing video classification models
that capture spatio-temporal information has significantly
grown. Temporal Segment Network (TSN) [62] aggregates
features across multiple temporal video segments to im-
prove recognition performance. Tran et al. [55] proposed a
new spatio-temporal convolutional block R(2+1)D and an-
alyze its effect on action recognition models. Recently, the
Multiscale Vision Transformer (MViT) [15, 37] came as a
way to combine the strengths of both convolutional neural
networks (CNNs) and transformers for video classification,
capturing both spatial and temporal attentions. In this work,
we train different video representations to learn per-clip fea-
tures that we aggregate from multiple views to identify the
different properties of the fouls.
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Dataset Context Task Videos/Images View Type

Kinetics 400 [31] Human actions Classification 650,000 Single-view Videos
NTU RGB+D 120 [38] Human actions Classification 114,480 Multi-view Videos
Northwestern-UCLA Multiview [60] Human actions Classification 1,493 Multi-view Videos
UWA3D Multiview II [44] Human actions Classification 900 Multi-view Videos
SoccerNet-v2 (Actions) [21] Soccer Classification 110,458 Single-View Videos
SoccerNet-v3 (Re-id.) [5] Soccer Re-identifcation 33,986 Multi-View Images

SoccerNet-MVFouls (Ours) Soccer (Fouls) Classification 8,923 Multi-view Videos

Table 1. Video action understanding datasets. Comparative overview of relevant datasets for multi/single-view action recognition in
videos/images. Our dataset is the only one providing multi-view videos for classification in sports, with 10 annotated properties per action.

Multi-view understanding. Su et al. [52] introduces
the idea of training image encoders to recognize 3D ob-
jects from multiple views, benefiting from the mature 2D
computer vision. Most effort focused on informative ag-
gregation between views, introducing cross-view confi-
dence [29], group convolutions to learn rotation-equivariant
representations [14], graph convolutions to learn view ag-
gregation [64]. Alternatively, MVTN [23] predicted the
viewpoints from a differentiable 3D renderer. In the video
domain, synthetic views (e.g. 3D motion or optical flow) are
created for single-stream videos as a way to obtain better
representation learned in a self-supervised fashion [35, 59].
In this work, we leverage a simple multi-view pipeline for
video understanding, trained in a fully supervised fash-
ion, that incorporates multiple replay streams from soccer
broadcast videos.

3. SoccerNet-MVFouls dataset

In this section, we introduce our novel multi-view foul
classification soccer dataset, called SoccerNet-MVFouls.

Table 1 presents an overview of our dataset and compares
it with other datasets that propose action recognition using
either single or multiple views. Our dataset is the only one
for multi-view video action recognition in sports, and the
first dataset to focus specifically on referee’s decisions.

SoccerNet-MVFouls gathers 3,901 actions extracted
from 500 soccer games from six main European leagues,
covering three seasons from 2014 to 2017, extracted from
the SoccerNet dataset [12, 20]. Each action is composed of
at least two videos depicting the live action and at least one
replay. The actions are annotated with 10 different proper-
ties describing the characteristics of the foul from a referee’s
perspective (e.g. the severity of the foul, the type of foul,
etc.). To ensure high-quality annotations, all these proper-
ties were manually annotated by a professional soccer ref-
eree with 6 years of experience and more than 300 official
games. The referee watched the videos from all available
views at any speed to accurately characterize the foul.

Figure 2. Example of a multi-view sequence from our dataset.
Each foul has at least (a) one live-action clip (usually taken from
the main camera) and (b) one synchronized replay clip (usually a
close-up view). We annotate the exact frame where the point of
contact happens (red box). The ground-truth properties for this
example are: “Offence”, “Challenge”, “No card”, “With contact”,
“Upper body”, “Use of shoulder”, “Ball is not played”, “Tried to
play the ball”, “No handball”, and “No handball offence”.

3.1. Dataset collection

The dataset was collected in three steps: (i) we extracted
the relevant action clips from soccer broadcast videos,
(ii) we temporally aligned the clips related to the same ac-
tion, and (iii) we annotated several foul properties.
Clip extraction. As a starting point, we used the
SoccerNet-v2 dataset [12], which contains timestamp anno-
tations of fouls for 500 full broadcast games. Furthermore,
the SoccerNet dataset also provides annotations of the re-
plays of some of the fouls, allowing us to retrieve, for the
same action, different viewpoints. Since our goal is to de-
sign a multi-view video assistant referee system, we only
keep actions for which we have access to at least two differ-
ent points of view. In most cases, the extracted clips should
cover sufficient information to determine all the foul prop-
erties. Also, to prevent bias towards the on-field referee’s
decision, the 5 second clips should not contain the deci-
sion of the referee (e.g. if the player is given a yellow card).
Therefore, we extracted 5 second clips per action, starting
3 seconds before and ending 2 seconds after the timestamp

81



annotation. In the following, “live action clip” will refer to
the clips taken from the main camera, while “replay clips”
will denote all the replay clips typically taken from closer
shots. Figure 2 shows an example of such extracted clip.

Clips alignment. We build a Multi-View Foul Annotator
tool with a similar interface to a VAR room to ensure the
quality of the annotations performed by our referee. At first,
the referee is presented with all available clips of an action
simultaneously on a grid layout. Our annotator tool enables
users to modify the annotated point of contact (see Figure 2)
for each clip individually and adjust the speed and offset
of the clips to align them temporally, taking into account
the fact that replays are frequently broadcasted at a slower
speed. The referee may browse simultaneously the synchro-
nized videos either at regular speed or frame by frame to
accurately understand and describe the properties of the ac-
tion. More information and an example of annotation using
our annotator may be found in the supplementary material.

Property annotations. The SoccerNet-v2 dataset provides
annotations for fouls and yellow/red cards given by the ac-
tual game referee. However, the on-field referee has only his
own point of view to characterize the foul. Judging foul play
incidents from the referee’s position at playing time leads to
an average error rate of 14% [40]. Our referee annotator has
no time pressure and access to multiple perspectives, which
results in more accurate decisions compared to the on-field
referee who has to take a quick decision and only has a sin-
gle view. To ensure a high-quality dataset and avoid any
bias, our professional soccer referee manually annotated all
properties without seeing the on-field referee’s decision.

We defined several properties for each action that are
necessary for the referee to take the final decision. These
properties include (i) if the clip contains a foul (i.e. an ac-
tion which breaks/violates the Laws of the Game [27]), (ii)
the class of the foul, (iii) the severity of the foul, (iv) if the
player plays the ball, (v) if the player tries to play the ball,
(vi) if any player touches the ball with his hand or arm, de-
liberately or not, (vii) and whether it is an offence accord-
ing to the Laws of the Game [27]), (viii) if there is contact
between two players, (ix) the action foul relates to the up-
per or underbody, and, finally, (x) we further discriminate
for the upper body between arms and shoulders. We have
special labels corresponding to grey areas for the property
(i), we use the label “Between” when both “Foul” and “No
foul” decisions are equally valid and there is no obvious de-
cision. For property (iii), we use the labels “Borderline No
card/Yellow card” and “Borderline Yellow card/Red card”
to indicate a grey area when either “No card” or “Yellow
card’, (resp. “Yellow card” or “Red card”), would be the
correct decision.

Fouls Offence Offence Severity

Class Prob. Class Prob. Class Prob.

St. tackling 43.6 Offence 85.8 No card 55.3
Tackling 15.6 No offence 10.7 Yellow card 26.6
Challenge 13.0 Between 3.4 NC/YC 15.2
Holding 12.5 YC/RD 1.7
Elbowing 5.9 Red card 1.1
High leg 3.5
Pushing 2.9
Dive 0.9

Table 2. Distribution of classes in our SoccerNet-MVFouls
dataset. The distribution of the classes for the “Offence”, “Sever-
ity” and “Type of foul” properties is highly imbalanced. The dis-
tribution for the other properties is shown in supplementary. “St.
tackling” stands for standing tackling.

Severity Distribution
Foul Class Succ. Rate No Card Card Card

Standing Tackling 0.94 0.79 0.18 0.02
Tackling 0.87 0.37 0.58 0.04
High Leg 0.87 0.31 0.63 0.06
Holding 0.90 0.60 0.40 0.00
Pushing 0.84 0.99 0.01 0.00
Elbowing 0.93 0.43 0.53 0.03
Challenge 0.75 0.94 0.05 0.01
Dive / 0.00 1.00 0.00

Table 3. Referees success rate and severity per foul class. Ref-
erees are successful in most classes but struggle with “Challenge”.
Some classes are less likely to return a card, e.g. “Tackling” or
“High leg”. The success rate for “Dive” is unknown, as we cannot
know if a referee whistle for the foul or the dive.

3.2. Dataset statistics

Number of views. On average, we have 2.29 clips per foul
action, around 75% of them have two viewpoints (live and
replay), 20% have a second replay, and around 5% have a
third replay video. No foul has more than four views.

Properties distribution. Table 2 shows the distribution of
the properties “Offence”, “Severity” and “Type of foul’. We
can see that in all three cases, the distribution is highly un-
balanced towards “No card”, “Offence” and “Standing tack-
ling”, respectively. This analysis follows our intuition of
soccer, where yellow and red cards are usually rarer than
simple free-kicks given after a foul.

Success rate of the referees. As we only have extracted
fouls for which the on-field referee has given a foul in the
game, we can analyze the success rate of the referees by
analyzing the property “No offence”. From the 3901 fouls
given by the referees in the games, our referee annotated
368 fouls as “No offence”, leading to an error rate of 10.7%.
“Standing tackling” and “Elbowing” are the most well clas-
sified with 94% success rate, as shown in Table 3. For the
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Figure 3. VARS: Video Assistant Referee System. From multi-
view video clips input, our system encodes per-view video fea-
tures (E), aggregates the view features (A), and classifies different
properties of the foul action (C).

remaining action classes, the referees have a similar success
rate of approximately 87%, except for the foul class “Chal-
lenge”, where the referees have an error rate of 25%. Our
analysis is aligned with the finding of Mallo et al. [40].

Severity for different foul classes. The distribution of the
severity among different foul classes can provide insight
into how often certain types of fouls result in a card. The re-
sults are presented in Table 3. “Tackling”, “High leg”, and
“Elbowing” are three types of fouls that very often result
in a yellow card, as they represent fouls that are dangerous
for opponents. Contrarily, some classes like “Pushing” or
“Challenge” are very unlikely to get a yellow or red card.

4. Methodology

Our VAR system is a multi-view video architecture, that
automatically identifies different properties for an action.
We illustrate our proposed VARS in Figure 3.

4.1. Classification tasks

We formally define two tasks for our dataset.

Task 1: Fine-grained foul classification. Given multiple
clips of the same foul instance, the objective is to classify
the foul into one of 8 fine-grained foul classes: “Standing
tackling”, “Tackling”, “High leg”, “Pushing”, “Holding”,
“Elbowing’, “Challenge”, “Dive/Simulation”.

Task 2: Offence severity classification. Given multiple
clips of the same foul instance, the objective is to classify
whether the foul constitutes an offence, as well as the sever-
ity of the foul. We have defined four classes: “No offence”,
“Offence + No card”, “Offence + Yellow card”, and “Of-
fence + Red card”. We put aside clips labeled “Between”
as well as the clips annotated as “Borderline”. Therefore,
for this particular task, we use a subset of our SoccerNet-
MVFoul dataset.

4.2. Video Assistant Referee System (VARS)

We propose a novel Video Assistant Referee System
(VARS) for the task of video recognition from multiple
camera views. The pipeline of the VARS is presented in
Figure 3. Our VARS takes multiple video clips denoted by
v = {vi}n1 as input, showing the same action from n dif-
ferent views. A video vi is fed into a video encoder E with
parameters θE to extract a vector fi containing the spatio-
temporal features for that specific view:

fi = EθE(vi) . (1)

We aggregate the feature vectors through a function A that
outputs a single multi-view representation R following:

R = A({fi}ni=1) , (2)

with A being a max or mean aggregation function. For the
single-task classifier, we input the pooled features through
a classification head C with parameters θC . VARS predicts
the final class from the maximum probability score of the
classification head, as given by:

VARS = argmaxCθC(R) . (3)

We train our model to minimize the following loss:

L = L(CθC (A({EθE(vi)}ni=1)), y) , (4)

with L being the cross entropy loss function, and y the
ground truth associated to {vi}ni=1. For the offence severity
classification, VARS has to understand the game of soccer
in order to correctly classify fouls into “No card”, “Yellow
card”, and “Red card”. In fact, bringing contextual infor-
mation about the type of foul inside the network is essential
to determine the severity of the offence. As the foul and
offence classifiers share common features, we train a model
to perform both tasks simultaneously. Our multi-task VARS
learns to leverage these shared features to improve its pre-
dictions for both tasks. For the multi-task classifier, we de-
fine two heads, Cfoul and Coff , respectively for the tasks of
fine-grained foul classification and offence severity classifi-
cation. From the probability vector of each task, the VARS
will take the maximum as the final prediction:

VARSt = argmaxCt
θCt

(R) ∀t ∈ {foul, off} . (5)

We train our model by minimizing both tasks loss with:

αfoulLfoul + αoffLoff . (6)

By choosing different values for α, we can assign more
or less importance to tasks. This scaling is necessary when
the losses have significantly different magnitudes. In the
case of our two tasks, the losses have a similar order of mag-
nitude, so we typically select αfoul = αoff = 1.
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Video encoder E. We considered different encoders to ex-
tract features from the video clips: (i) ResNet [24] may be
used on videos by running the network on each frame inde-
pendently and then using a max or mean pooling operation
on the features across the frames to obtain a single feature
vector that represents the entire video. While this approach
works well for extracting spatial features, it does not cap-
ture temporal dynamics. (ii) R(2+1)D [55] extends the 2D
CNN architecture with an additional temporal convolutional
layer that operates on a sequence of frames to capture the
temporal dynamics of the video. The advantage compared
to ResNet is that it both captures spatial and temporal fea-
tures directly. (iii) MViT [15, 37] integrates a multiscale
feature representation with a transformer-based architecture
to capture both spatial and temporal information from video
clips. The feature encoders are typically pre-trained on Im-
ageNet [13] (ResNet) or Kinetics [31] (R2+1D and MViT).
Multi-view aggregator A. To combine the extracted fea-
tures from multiple views, we introduce two different pool-
ing strategies [22], in particular: (i) Mean pooling takes the
average value for each feature, and (ii) Max pooling which
takes the maximum value per feature.
Classification heads C. Our classification heads consist of
two dense layers with softmax activation. The output is a
probability vector with dimensions that match the number
of classes in the classification problems.

5. Experiments

5.1. Experimental setup

Training details. For both classification tasks, we leverage
clips of 16 frames, spanning temporally for 1 second, with a
spatial dimension of 224×398 pixels. Specifically, the clips
contain 8 frames before the foul and 8 frames after the foul.
The encoders E are pre-trained as detailed in the methodol-
ogy, and the classifier C is trained from scratch, while both
are trained in an end-to-end fashion. We use a cross-entropy
loss, optimized with Adam with an exponential decreasing
learning rate starting at 10−4 and a batch size of 8. The
model starts overfitting after 10 epochs, and it takes around
9 hours to train on a single Nvidia V100 GPU.
Evaluation metrics. We report the classification accuracy,
which is defined as the ratio of actions correctly classified
with respect to the total number of actions. We also pro-
vide the top-2 accuracy (where a sample is considered well
classified if the class appears in the top two highest confi-
dence predictions) to get more insight into the model’s per-
formance. As our dataset is unbalanced, we also provide the
balanced accuracy, which is defined as follows:

Balanced Accuracy (BA) =
1

N

N∑

i=1

TPi

Pi
, (7)

Feature Extractor Pooling Acc. @1 Acc. @2 BA

ResNet [24] Mean 0.31 0.56 0.28
ResNet [24] Max 0.32 0.60 0.28
R(2+1)D [55] Mean 0.31 0.55 0.34
R(2+1)D [55] Max 0.32 0.56 0.33
MViT [15, 37] Mean 0.40 0.65 0.45
MViT [15, 37] Max 0.47 0.69 0.43

Table 4. Main results for the multi-view video foul classifica-
tion. We compare three feature encoders and two pooling meth-
ods. The best performance is obtained with MViT and a max pool-
ing between the views. BA indicates the balanced accuracy after
normalizing by the frequency of that class.

with N the number of classes, TP (True Positives) is the
number of times where the model correctly predicted the
class i and Pi (Positives) is the number of ground-truth sam-
ples for that class in the dataset.

5.2. Main Results

Task 1: Fine-grained foul classification. Our results may
be found in Table 4. By extracting spatio-temporal features
with MViT, we achieve significant improvements in perfor-
mance compared to ResNet and R(2+1)D. This indicates
that using a more advanced feature encoder can significantly
enhance the model’s ability to identify and classify the type
of foul. The influence of the pooling method on the per-
formance is however not significant, although max pooling
shows slightly better results. In general, max pooling might
be better when not all views are equally informative. Taking
the max values helps identify the most important features
for the most informative views while ignoring less useful
information. In contrast, mean-pooling takes into account
the information from all views, including those with a poor
perspective. Overall, the best performance is obtained by
using MViT as video encoder and max pooling.
Task 2: Offence severity classification. For the offence
severity classification, we study the same feature encoders
and pooling techniques. The top part of Table 5 shows the
results obtained by our single-task classifier. Regardless of
the used feature extractor or pooling technique, the model
has more difficulties in classifying the actions. These diffi-
culties are mainly due to two factors. First, the dataset ex-
clusively consists of actions that were awarded a free kick
by the on-field referee. As a result, the “No offence” actions
are visually similar to a foul, and not to clear “No offence”
actions. The model often struggles to differentiate these ac-
tions from actual fouls, which can be further seen in the
Supplementary Material. Secondly, the visual appearance
of an offence with no card, yellow card, or red card can vary
greatly. In Figures 4a and 4b, we compare two frames of
two different foul classes that have a little visual similarity.
However, in both cases, the defender acted with disregard
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Feature Extractor Pooling Task Acc. BA

ResNet [24] Mean Single 0.25 0.26
ResNet [24] Max Single 0.22 0.25
R(2+1)D [55] Mean Single 0.28 0.30
R(2+1)D [55] Max Single 0.27 0.29
MViT [15, 37] Mean Single 0.32 0.23
MViT [15, 37] Max Single 0.29 0.27
ResNet [24] Mean Multi 0.34 0.25
ResNet [24] Mean Multi 0.32 0.24
R(2+1)D [55] Mean Multi 0.34 0.30
R(2+1)D [55] Max Multi 0.39 0.31
MViT [15, 37] Mean Multi 0.38 0.31
MViT [15, 37] Max Multi 0.43 0.34

Table 5. Multi-view video offence and severity classification.
We evaluate our VARS with different feature encoders and pool-
ing methods on a single and multi-task setup. BA stands for the
balanced accuracy.

(a) Elbowing - Yellow card (b) Tackling - Yellow card

(c) Standing Tackling - No card (d) Standing Tackling - Red card

Figure 4. Example of fouls. (a) The defender uses his arm as a
tool to gain an unfair advantage and ignores the potential danger
for his opponent. (b) The defender makes a tackle while taking the
risk of his opponent being injured. (c) The defender tries to play
the ball in no dangerous way. (d) The defender has no intention to
play the ball and only aims to harm his opponent.

for the safety of his opponent and therefore resulting in a
yellow card. In contrast, Figures 4c and 4d depict fouls that
are visually more similar than the previous two fouls, yet
one resulted in “No card” while the other resulted in a “Red
card”. Minor differences such as the point of contact, the
speed of the foul, the distance to the ball, and the intention
to play the ball or not, can lead to different classifications.

Multi-task classifier. Training a multi-task classifier on
related tasks allows the model to utilize the learned infor-
mation from one task to improve the performance on other
tasks. In the bottom part of Table 5, we can see that the
multi-task classifier outperforms the single-task classifier
regardless of the feature encoder or pooling technique for
offence severity classification. Using ResNet to extract spa-

Performance Viewing Setup
L R1 L+R1 R1+R2 L+R1+R2

AccT1 0.31 0.47 0.50 0.56 0.57
AccT1@2 0.54 0.68 0.70 0.69 0.72
BAT1 0.29 0.38 0.36 0.44 0.39

AccT2 0.38 0.39 0.43 0.39 0.40
AccT2@2 0.67 0.70 0.72 0.73 0.75
BAT2 0.38 0.27 0.34 0.27 0.39

Table 6. Single vs. multi-view classification. We compare the
performance for single vs multi-views and the influence of the type
of view (Live L and replay R). We use MViT [15, 37] as feature
extractor and max pooling. For both tasks, the best performance
is mostly obtained with all three views. BA stands for balanced
accuray, T1 stands for task 1 (foul classification) and T2 stands for
task 2 (offence severity classification).

Figure 5. Qualitative results. VARS predictions for different
combinations of views as input.The best performance is obtained
with the two replay views.

tial features for the type of foul and the offence severity
classification does not perform well for either task. The
body movements over time and the speed of the players in-
volved in an action are important factors that can greatly
impact the outcome of the classification. The multi-task
classifier combined with MViT as encoder and max pooling
shows promising results in classifying actions into their cor-
responding offence severity class. Furthermore, the multi-
task classifier shows similar results as obtained for the
single-task type of foul classification.
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5.3. Detailed analysis

Single vs. multi-view analysis. We now study the improve-
ment of using multiple views over a single view. To do so,
we first created a subset of the test set for which we have
clips with two replays and one live action. As evidenced by
the top part of Table 6, the type of view has a significant im-
pact on the VARS’s ability to detect the correct type of foul.
Although the live-action view alone provides worse perfor-
mance than the replays, combining the live-action view with
a replay improves the accuracy slightly compared to using
only the replay view in both tasks. This implies that even a
poor-quality view can slightly improve the performance. A
highly informative view can boost the performance, as we
can see by comparing the two replays with a single replay
for the type of foul classification. For the offence and sever-
ity classification, the VARS seems to benefit more from live
actions compared to replays for the offense and severity
classification task. One possible explanation is that for the
live actions, the VARS takes into account the position of the
action on the field, allowing it to learn that the likelihood
of a ’No card’ or ’Yellow card’ is higher in specific areas
of the field. For both tasks, we achieved better results by
using multiple views, and for most of the metrics, the best
performance was achieved by using a live-action clip with
two replays. This demonstrates the effectiveness of using
multiple views to improve model performance in the type
of foul and offence severity classification.

In Figure 5, we show the predictions of the foul clas-
sification models while changing the number and type of
views. By only using the live action, the VARS is not able
to detect the correct type of foul, as confirmed in Table 6.
By adding 1 or 2 replays as input to the model, it is able to
detect the foul class with a confidence score ranging from
76% to 95%. By analyzing the confidence scores, we can
see that the view has a big impact of the prediction, which
agrees with the results found in Table 6.

Temporal analysis. We investigated the temporal context
needed to identify fouls and offence severity. In particular,
we increased the video length, by reducing the frame rate,
in order to maintain the same number of frames to process.
Table 7, shows the results of the temporal analysis. We ob-
served that as we increase the temporal context while de-
creasing the frame rates, the performance of our model de-
creases. This is likely because the most useful information
for our classification tasks is concentrated within a narrow
temporal window immediately preceding and following the
foul. Adding more temporal context to the model results in
the inclusion of frames that do not offer much additional in-
formation. By default, we used a frame rate of 16 frames per
second, with a temporal context of 1 second, which seemed
to strike the best balance between capturing sufficient tem-
poral information and excluding unnecessary frames.

Frame rate (FPS) 5 8 12 16
Temporal context 3.2s 2.0s 1.3s 1.0s

Accuracy (Foul class.) 0.36 0.38 0.44 0.47
Accuracy (Off. sev. class.) 0.39 0.41 0.43 0.43

Table 7. Temporal analysis. We experiment with various tempo-
ral context while maintaining a fixed number of 16 frames. In all
scenarios, we include 8 frames before and after the foul.

Per class analysis. We further analyze the performance per
class. The confusion matrices for both tasks are in the sup-
plementary material. We saw that performance varies con-
siderably across classes. For the fine-grained foul classi-
fication, the VARS struggles to distinguish between illegal
arm movements due to their shared characteristics. It per-
forms well in detecting “Tackling”, but often confuses it
with “Dive” due to the challenge of distinguishing genuine
from deceptive actions in soccer games. The most difficult
class for the VARS is “Challenge”, as it shares visual simi-
larities with many other classes, making proper generaliza-
tion during training difficult. Regarding offence classifica-
tion, the VARS tends to make bad predictions in neighbor-
ing classes of the ground truth. For instance, it may classify
a foul as “Offence + Yellow card” instead of “Offence + No
card”. However, the model struggles with “Offence + Red
card” due to the limited number of samples in the dataset.

6. Conclusion
In summary, our Video Assistant Referee System

(VARS) has the potential to bring about a significant im-
provement in soccer refereeing by ensuring fairness and ac-
curacy at all levels of professional and amateur play. VARS
utilizes the latest advances in multi-view video analysis and
provides referees with real-time feedback and assists them
in making informed decisions that can impact the outcome
of soccer games. To prove the effectiveness of VARS, we
introduced a novel dataset, SoccerNet-MVFoul, that curates
relevant fouls in soccer broadcasts from multiple views and
includes foul properties. Our benchmarking results demon-
strate that VARS can recognize foul characteristics based
on multi-view video processing. By integrating the specific
requirements of referees, VARS offers an unbiased and re-
liable decision-making process for soccer matches.
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rique Brito, Jun Zhang, Junjie Li, Junwei Liang, Leqi Shen,
Lin Ma, Lingchi Chen, Miguel Santos Marques, Mike Aza-
tov, Nikita Kasatkin, Ning Wang, Qiong Jia, Quoc Cuong
Pham, Ralph Ewerth, Ran Song, Rengang Li, Rikke Gade,
Ruben Debien, Runze Zhang, Sangrok Lee, Sergio Escalera,
Shan Jiang, Shigeyuki Odashima, Shimin Chen, Shoichi Ma-
sui, Shouhong Ding, Sin-wai Chan, Siyu Chen, Tallal El-
Shabrawy, Tao He, Thomas B. Moeslund, Wan-Chi Siu, Wei
Zhang, Wei Li, Xiangwei Wang, Xiao Tan, Xiaochuan Li,
Xiaolin Wei, Xiaoqing Ye, Xing Liu, Xinying Wang, Yan-
dong Guo, Yaqian Zhao, Yi Yu, Yingying Li, Yue He, Yujie
Zhong, Zhenhua Guo, and Zhiheng Li. SoccerNet 2022 chal-
lenges results. In Int. ACM Work. Multimedia Content Anal.
Sports (MMSports), pages 75–86, Lisbon, Port., Oct. 2022.
ACM. 2, 3

[22] Abdullah Hamdi, Faisal AlZahrani, Silvio Giancola, and
Bernard Ghanem. MVTN: Learning multi-view transforma-
tions for 3D understanding. CoRR, abs/2212.13462, 2022.
6

[23] Abdullah Hamdi, Silvio Giancola, and Bernard Ghanem.
MVTN: Multi-view transformation network for 3D shape
recognition. In IEEE Int. Conf. Comput. Vis. (ICCV), pages
1–11, Montreal, QC, Canada, Oct. 2021. Inst. Electr. Elec-
tron. Eng. (IEEE). 3

[24] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. (CVPR), pages 770–
778, Las Vegas, NV, USA, Jun. 2016. Inst. Electr. Electron.
Eng. (IEEE). 6, 7

[25] Yutaro Honda, Rei Kawakami, Ryota Yoshihashi, Kenta
Kato, and Takeshi Naemura. Pass receiver prediction in
soccer using video and players’ trajectories. In IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. Work. (CVPRW), pages
3502–3511, New Orleans, LA, USA, Jun. 2022. Inst. Electr.
Electron. Eng. (IEEE). 2

[26] James Hong, Haotian Zhang, Michaël Gharbi, Matthew
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7. Supplementary
7.1. Video assistant referee system software

The design of both the VARS annotator and the VARS
interface draws inspiration from the VAR room. To enhance
the user experience, a grid layout is used to display all avail-
able perspectives synchronously. The objective is to have
an easy to use interface to annotate and to predict different
properties of an action.
VARS annotator. To increase the speed of the annota-
tion task, we build a VARS annotator (Figure 6a), which
shows all the available clips of an action simultaneously.
The VARS annotator allows for individual adjustment of the
annotated moment for each clip to achieve temporal align-
ment, speed adjustment for replays, and annotation of all
the properties.
VARS interface. The VARS interface has the same inter-
face as the annotator. It enables easy access to all available
perspectives for a particular action. The multi-task VARS,
which achieved the best results on the test set, is built di-
rectly into the interface, allowing for immediate analysis of
selected videos. The VARS interface offers top two predic-
tions for the type of foul classification, as well as the offense
and severity classification for the selected videos. Further-
more, for each prediction, the VARS interface shows the
confidence score of his prediction.

In Figure 6b, we can see an example of how the VARS
interface looks. In this example, the VARS correctly pre-
dicts the type of foul, and tells that the action was indeed
a foul, which leads in a penalty for the attacking team in
this example. For the severity classification, the VARS was
uncertain whether to assign no card or a yellow card.

7.2. Dataset

7.2.1 Property explanations

This section explains in detail each property. Furthermore,
we illustrate multiple examples of our dataset in Figure 7.
Was it a foul? The task of identifying fouls is a critical
and challenging aspect of the role of a referee and VAR.
They must determine whether an action is a foul or not, in
accordance to the laws of the game [27]. For each action,
we determined whether an action is an (i) offence (an action
which breaks/violates the Laws of the Game [27]), (ii) no
offence (did not break/violate the Laws of the Game), or
(iii) between (if the action lays inside a grey area). In some
cases, both decisions may be correct and the final decision
depends on the interpretation of the rules of an individual.

It is worth mentioning that, for each clip of the same
foul, we make the same annotation. During the annotation
process, we looked at all the clips and took a global and
final decision which is the same for each clip of the same
foul.

Was there any contact? Another important property which
we annotated was if there was any contact between two
players during an action. We annotated for each foul (i)
with contact (if there was contact between players), or (ii)
without contact (if there was no contact). This property is
important because a foul with contact such as a tackling,
holding, elbowing result in a direct free kick, while a foul
without contact such as a simulation or dangerous play will
result in an indirect free kick.
Did the player touch the ball with his hand/arm? This
property annotates if the player touches the ball, deliber-
ately or not, with his hand or arm. We annotate (i) handball
(if a players touches the ball with his hand/arm), or (ii) no
handball (if the ball did not touch the hand/arm). This prop-
erty only states whether the ball touched the hand or arm
and does not indicate whether the handball is punishable or
not. An important note to make is that the upper boundary
of the arm is in line with the bottom of the armpit [27].
Was the upper or under body used in the action? This
property annotates which part of the body was used during
an action. We differentiated between (i) under body (which
corresponds to the use of the food or the leg), or (ii) upper
body (which corresponds to the use of shoulder or the use
of arms).

With which part of the upper body was the action
made? In the case where we annotated the previous prop-
erty with ”upper body”, we further split between (i) use of
shoulders, or (ii) use of arms.
Class of the action. This property annotates the type of
action. In total, we have 9 different classes:

1. Tackling. The sliding movement of a player towards
an opponent who is in possession of the ball and legally
or illegally using his foot or leg to try to take the ball
away.

2. Standing tackling. The movement (not sliding) of a
player towards an opponent who is in possession of
the ball and legally or illegally using his foot or leg to
try to take the ball away.

3. Holding. Occurs when a player’s contact with an op-
ponent’s body or equipment impedes the opponent’s
movement [27].

4. Pushing. The action of using the upper body to push
an opponent away.

5. Challenge. Physical challenge against an opponent,
using the shoulder and/or the upper arm [27].

6. Elbowing. The use of arms (and frequently the el-
bows) as a tool or a weapon to gain an unfair advantage
in aerial challenges, physical battles, to create space or
to intimidate other players.
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(a) VARS annotator. The annotator may browse simultaneously the synchronised videos either at regular speed or frame by frame. He can annotate all 10
properties and adjust the annotated point of contact for each clip separately and temporal align the different clips by modifying the speed and offset of the
clips.

(b) Video Assistant Referee System interface. The interface of the VARS shows the ground truth of the action and his top 2 predictions for the foul
classification task, and the offence and severity classification task. In this example, the VARS correctly predicts the foul resulting in a penalty.

Figure 6. Views of the VARS interfaces. (a) shows the interface for the annotation process. (b) shows the interface of the VARS for
displaying its results.

7. High leg. A movement where a player swings his foot
close to and above the waist of an opponent.

8. Dive. An action which creates a wrong/false impres-
sion that something has occurred when it has not, com-
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mitted by a player to gain an unfair advantage. [27]

9. Don’t know. Corresponds to anything which can not
be classified in one of the classes above.

How severe was the foul? For each foul, we annotated the
severity of the foul by a scale from 1 to 5:

• 1: a careless foul which is when a player shows a lack
of attention or consideration when making a challenge
or acts without precaution. No disciplinary sanction is
needed. (No card) [27]

• 2: a borderline foul between careless and reckless. We
are in a grey area where both “no card” or “yellow
card” would be correct.

• 3: a reckless foul which is when a player acts with
disregard to the danger to, or consequences for, an op-
ponent and must be cautioned. (Yellow card) [27]

• 4: a borderline foul between reckless and violent. We
are in a grey area where both “yellow card” or “red
card” would be correct.

• 5: a violent foul where a player exceeds the necessary
use of force and/or endangers the safety of an opponent
and must be sent off. (Red card) [27].

Did the player try to play the ball? When a player
commits an offence against an opponent within their own
penalty area which denies an opponent an obvious goal-
scoring opportunity and the referee awards a penalty kick,
the offender is cautioned if the offence was an attempt to
play the ball; the offender is sent off if there was no possi-
bility to play the ball [27]. We annotated, (i) “Yes”, if the
player tried to play the ball, or “No”, if there was no possi-
bility to play the ball.
Did the player play the ball? The final property annotates
(i) “Yes‘’ if the defender touches the ball, (ii) “No” when
the defender did not play the ball, or (iii) “Maybe” in the
case where the quality of the video or the viewpoint on the
foul is not sufficient to determine if the player touched the
ball or not.

7.2.2 Dataset distribution

The distribution of all classes is provided in Tables 8 and 9.
Most of the properties in the dataset have a high degree of
imbalance, particularly the “Handball” property that deter-
mines if a player has made contact with the ball using their
arm or hand. Nearly 99% of the actions recorded in the
dataset do not involve any handball. Similar imbalances are
observed in the “Contact”, “Try to play the ball”, “Played
the ball”, and “Offence” properties.

The “Bodypart” and “Upperbody part” properties are
relatively less unbalanced, with a distribution of approxi-
mately 66% for the superior class and 34% for the inferior
class.

8. Experiments
8.1. Per class analysis

Foul classification task
The performances for each class are summarized in the

confusion matrix shown in Figure 8. Our analysis shows
that the performance varies considerably across classes.
The VARS often confuses all the illegal use of arm classes,
like “Holding”, “Pushing”, and “Elbowing” as these fouls
share some common characteristics and can involve simi-
lar physical movements. The model performs well in de-
tecting “Tackling”, but confuses it often with “Dive” as it
struggles to distinguish between genuine and deceptive ac-
tions, which can be challenging due to the complex and dy-
namic nature of soccer games. However, the most challeng-
ing class for the VARS is “Challenge”, which shares visual
similarities with many other classes, making it difficult for
the system to generalize properly during training.
Offence and severity classification task

Figure 9 displays the confusion matrix for the offence
and severity classification, revealing that the model fre-
quently confuses classes with their neighboring classes. For
instance, when the ground truth is “Offence + No card”, the
VARS often mistakes it for “No offence” or “Offence + Yel-
low card”.

Indeed, the visual similarity between all the classes, es-
pecially with the neighbor classes, is very high. Small de-
tails, which very often can only be seen in a couple of
frames, can differ between the actual class. Factors such as
the speed of the foul, the point of contact, or the intention
of playing the ball are critical criteria for deciding which
class an action corresponds to. However, these criteria can
be challenging to spot for a model and to differentiate be-
tween the different classes. Furthermore, there is only a
small number of instances of “Offence + Red card” in the
dataset, making it more challenging for the model to gener-
alize. Despite all these difficulties, the VARS is still able to
achieve an accuracy of 0.43.
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(a) “Offence”, “Tackling”, “Yellow card”, “With contact”, “Under body”, “/”, “Played the ball”, “Tried to play the ball”, “No handball”

(b) “Offence”, ”High leg”, ”Red card”, “With contact”, “Under body”, ”/”, “Ball is not played”, “Tried to play the ball”, “No handball” and “No handball
offence”

(c) “Offence”, “Challenge”, “No card”, “With contact”, “Upper body”, “Use of shoulder”, “Ball is not played”, “Tried to play the ball”, “No handball” and
“No handball offence”

(d) “Offence”, “standing tackling”, “Yellow card”, “With contact”, “Under body”, ”/”, “Did not play the ball”, “Tried to play the ball”, “No handball”

Figure 7. Dataset overview and ground truth. We annotated the exact frame where the point of contact happens (depicted by the back
box).
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Fouls Severity Offence Handball Handball offence

Class Prob. Class Prob. Class Prob. Class Prob. Class Prob.

St. tackling 0.43 No card 0.55 Offence 0.85 Yes 0.99 Yes 0.82
Tackling 0.15 Yellow card 0.26 No offence 0.10 No 0.01 No 0.18
Challenge 0.13 NC/YC 0.15 Between 0.03
Holding 0.12 YC/RD 0.02
Elbowing 0.05 Red card 0.01
High leg 0.03
Pushing 0.02
Dive 0.01

Table 8. Distribution of classes in our SoccerNet-MVFouls dataset.

Bodypart Upperbody part Try to play the ball Played the ball Contact

Class Prob. Class Prob. Class Prob. Class Prob. Class Prob.

Upperbody 0.36 Arms 0.66 Yes 0.92 Yes 0.10 With 0.97
Underbody 0.64 Shoulder 0.33 No 0.08 No 0.87 Withou 0.03

Maybe 0.02

Table 9. Distribution of classes in our SoccerNet-MVFouls dataset.

Figure 8. Confusion matrix for the type of foul classification.
The VARS demonstrates good performance in classifying “Stand-
ing Tackling”, “Tackling”, and “Elbowing”. However, the model
struggles with “Challenge” and frequently confuses it with other
classes. 1: Standing Tackling, 2: Tackling, 3: High Leg, 4: Push-
ing, 5: Elbowing, 6: Holding, 7: Challenge, 8: Dive, R: Recall
and P: Precision.

Figure 9. Confusion matrix for the offence and severity clas-
sification. The VARS shows good performance for the “Offence
+ No Card” class. The model confuses the classes “No Offence”
and “Offence + Yellow Card” with “Offence + No Card”. For the
class “Offence + Red Card” the model is not able to provide good
results due to the low amount of samples in the dataset. 1: No of-
fence, 2: Offence + No card, 3: Offence + Yellow card, 4: Offence
+ Red card, R: Recall and P: Precision.
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Abstract

Over the past decade, the technology used by referees in football has improved substantially,
enhancing the fairness and accuracy of decisions. This progress has culminated in the imple-
mentation of the Video Assistant Referee (VAR), an innovation that enables backstage referees
to review incidents on the pitch from multiple points of view. However, the VAR is currently
limited to professional leagues due to its expensive infrastructure and the lack of referees world-
wide. In this paper, we present the Video Assistant Referee System (VARS) that leverages the
latest findings in multi-view video analysis. Our VARS achieves a new state-of-the-art on the
SoccerNet-MVFoul dataset by recognizing the type of foul in 50% of instances and the appropri-
ate sanction in 46% of cases. Finally, we conducted a comparative study to investigate human
performance in classifying fouls and their corresponding severity and compared these findings
to our VARS. The results of our study highlight the potential of our VARS to reach human
performance and support football refereeing across all levels of professional and amateur federations.

Keywords: Football, Soccer, Artificial Intelligence, Computer Vision, Video Recognition, Automated
Decision, Video Assistant Referee, Referee Success Rate, Fouls evaluation

1 Introduction

In recent years, technology has played an increas-
ing role in football, revolutionizing how the game
is played, coached, and officiated. This transfor-
mation extends into the domain of sports video
analysis, which encompasses a diverse range of
challenging tasks, including player detection and
tracking [1–4], spotting actions in untrimmed
videos [5–12], pass feasibility and prediction [13,
14], summarizing [15–18], camera calibration[19],

player re-identification in occluded scenarios [20],
or dense video captioning for football broadcasts
commentaries [21, 22]. Solving these tasks has
been taken to a higher level thanks to the emer-
gence of deep learning techniques [23–25]. Simi-
lar to many other fields in which deep learning
has been used, the advancements in sports video
understanding heavily rely on the availability
of large-scale datasets [26–30]. SoccerNet [31–39]

1
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stands among the largest and most comprehen-
sive sports dataset, with extensive annotations for
video understanding in football.

In refereeing, the biggest revolution was intro-
duced by the Video Assistant Referee (VAR) in
2016 [40]. The system involves a team of refer-
ees located in a video operation room outside the
stadium. These referees have access to all avail-
able camera views and check all decisions taken
by the on-field referee. If the VAR indicates a
probable “clear and obvious error” (E.g. when
the referee misses a penalty or a red card, gives
a yellow card to the wrong player, etc.), it will
be communicated to the on-field referee who can
then review his decision in the referee review area
before taking a final decision. The VAR helps to
ensure greater fairness in the game by reducing
the impact of incorrect decisions on the outcome
of games. Notably, in 8% of the matches, the VAR
has a decisive impact on the result of the game
[41] and it slightly reduces the unconscious bias
of referees towards home teams [42]. On aver-
age, away teams now score more goals and receive
fewer yellow cards [43]. Controversial referee mis-
takes like the famous “hand of God” goal by
Diego Maradona during the quarter-final match
Argentina versus England of the 1986 FIFA World
Cup, Josip Šimunić getting three yellow cards in
a single game at the 2006 FIFA World Cup, or
Thierry Henry’s handball preventing the Repub-
lic of Ireland from qualifying for the World Cup
could have been avoided with the VAR and would
have changed football history.

Despite its potential benefits, the use of the
VAR technology remains limited to professional
leagues. The infrastructure of the VAR is expen-
sive, including multiple cameras to analyze the
incident from different angles, video operation
rooms in various locations, and VAR officials hired
to analyze the footage. Leagues with financial lim-
itations cannot afford the necessary infrastructure
to operate the VAR. In addition to the upfront
costs of the infrastructure, there is also an ongo-
ing expense associated with using the VAR. The
officials who serve as Video Assistant Referees
require specialized training [44] and monetary
compensation following each game. Given the
implementation and operational costs of VAR, its
use is currently restricted to professional leagues.
A further obstacle is the shortage of referees world-
wide. In Germany, there were only 50,241 active

referees during the 2020/2021 season, whereas the
number of games played each weekend was around
90,000 [45, 46]. The introduction of the VAR
requires an additional team of referees per game,
which is not feasible for semi-professional or ama-
teur leagues. Finally, each referee interprets the
Laws of the Game [47] slightly differently, result-
ing in different decisions for similar actions. Given
that the video assistant referee (VAR) changes
from one game to another, inconsistencies may
arise, with the VAR making different decisions for
similar actions across different matches.

In this paper, we present the “Video Assistant
Referee System” (VARS), which could support
or extend the current VAR. Our VARS fulfills
the same objectives and tasks as the VAR. By
analyzing fouls from a single or a multi-camera
video feed, it indicates a probable “clear and obvi-
ous error”, and can communicate this information
to the referee, who will then decide whether to
initiate a “review”. The proposed VARS automat-
ically analyzes potential incidents that can then
be shown to the referee in the referee review area.
Just like the regular VAR, our VARS serves as a
support system for the referee and only alerts him
in the case of potential game-changing mistakes,
but the final decision remains in the hands of the
main referee. The main benefit of our VARS is
that it no longer requires additional referees, mak-
ing it the perfect tool for leagues that do not have
enough financial or human resources.

Contributions. We summarize our contribu-
tions and novelties as follows: (i) We propose an
upgraded version of the VARS presented by Held
et al. [35]. We introduce an attention mechanism
on the different views and calculate an importance
score to allocate more attention to more infor-
mative views before aggregating the views. (ii)
We present a thorough study on the influence of
using multiple views and different types of cam-
era views on the performance of our VARS. (iii)
We present a comprehensive human study where
we compare the performance of human referees,
football players, and our VARS on the task of
type of foul classification and offense severity clas-
sification. Our human study also illustrates the
subjectivity of refereeing decisions by examining
the inter-rater agreement among referees.
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Fig. 1: Architecture of our Video Assistant
Referee System. From multi-view video clips
input, our system encodes per-view video features
(E), aggregates the view features (A), and clas-
sifies different properties (CFoul and COff ). The
figure is inspired by [35].

2 Methodology

We propose an upgraded version of the Video
Assistant Referee System, which adds an advanced
pooling technique to combine the information
from multiple views, extracting the most relevant
information based on our attention mechanisms.
The architecture is shown in Figure 1. Formally,
the VARS takes multiple video clips v = {vi}n1 as
input. Each video clip shows the same action from
n different perspectives. Each clip vi is fed into a
video encoder E to extract a spatio-temporal fea-
ture vector fi of dimension d for each clip vi. All
feature vectors fi are then stored in a matrix f as
follows:

f =
[
f1, f2, ..., fn

]T
. (1)

An aggregation block A takes f as input and
outputs a single multi-view representation R. A
multi-head classifier, Cfoul and Coff, simultane-
ously predicts the fine-grained type of foul class
and the offense severity class. For each task, the
VARS selects the value with the highest confidence
from the respective confidence vector as the final
prediction, following:

VARSt ← argmaxCt
θCt

(R), ∀t ∈ {foul, off}, (2)

where θCt corresponds to the parameters of the
classification head for task t ∈ {foul, off}. The
model is trained by minimizing the unweighted
summation of both task losses Lfoul and Loff.

Video Encoder E. Based on the work presented
in [35], the best performance is obtained with a
video encoder that extracts spatial and temporal

features. In the following, we use the state-of-the-
art video encoder MViT [48, 49] pretrained on
Kinetics [50], which incorporates a transformer-
based architecture with a multiscale feature rep-
resentation, allowing it to capture spatial and
temporal information from video clips.

Multi-view aggregation block A. The origi-
nal paper [35] used simple mean or max pooling
operations to gather the multi-view information
into a unique representation. A major drawback of
these pooling approaches is that the combination
of the feature vectors is fixed and ignores the rela-
tionship between the views. Instead, we propose a
new aggregation technique based on an attention
mechanism to model such relationships.

Our approach is inspired by the “Integrating
Block” presented in [51], where each view is asso-
ciated with an attention score. However, instead
of aggregating multi-view images, we extend the
operation to multi-view videos. Technically, we
assign an attention score to each view and then
calculate the final representation by a weighted
sum of the feature vectors. There exist several
strategies to assign an attention score to a view.
A first naive approach consists of passing each
feature vector individually into a learned func-
tion. However, this would neglect the relation-
ships between the views and would not provide
a relative attention score of the views. A bet-
ter approach consists of determining the attention
score of each view based on its relationships with
the other views. To do so, we first take the dot
product (denoted by ·) of f multiplied by a matrix
W ∈ Rdxd of trainable weights and its transpose:

S = fW · (fW )T . (3)

By multiplying the matrix f with its transpose,
we compute the dot product between each pair
of feature vectors, which measures the similar-
ity between two vectors. The obtained symmetric
similarity matrix S is of dimension n × n, where
the value at row i and column j corresponds to
the similarity score between view i and view j. A
higher score indicates a higher similarity between
the vectors, while a lower score suggests a lower
similarity. Next, we normalize the similarity scores
to get a probability-like distribution, by passing
the matrix S through a ReLU layer and divide it
by the sum of the matrix S, following:
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Fig. 2:Architecture of the attention block. “MatMul” represents matrix multiplication, “T” denotes
transpose, “Norm” signifies normalization, and “SumRow” indicates the process of summing each row.

N =
ReLU (S)∑n

i=1

∑n
j=1 ReLU (Si,j)

. (4)

To obtain the attention score for each view, we
sum the values in each row of the normalized sim-
ilarity matrix N. The attention score for a view
i represents the sum of its normalized similarity
scores with all other views. By summing the values
in each row of the normalized similarity matrix N,
we aggregate the normalized similarity scores for
each view. This aggregation reflects how similar a
particular view is to all other views collectively.
Consequently, the resulting attention score cap-
tures a view’s overall relevance within the set of
views. The reasoning behind this approach is that
if a view is highly similar to many other views, it is
considered important because it shares visual con-
tent with multiple views. On the other hand, if a
view is dissimilar to other views, it might be con-
sidered less important since it does not contribute
significantly to the collective visual information.
Formally, we take the sum per row to obtain the
attention score A per view:

A =

n∑

i=1

Ni,j , (5)

where A is a vector of size n, where the value j
corresponds to the attention score of the view j
regarding all other views and itself. The final rep-
resentation is given by the sum of the extracted
feature vector weighted by their calculated atten-
tion score, following:

Ri =

n∑

j=1

fi,j ×Aj . (6)

Classification heads C. A multi-task classifica-
tion approach is used to classify simultaneously
the type of foul, whether it is an offense or not,
and its severity. As both tasks are related, learning
them together can lead to improved generaliza-
tion and a better understanding of each task. The
model can leverage the relationships between the

two tasks to make better predictions. Each classi-
fication head consists of two dense layers and takes
as input the aggregated representation. The out-
put is a vector whose dimensions correspond to
the number of classes in each of the classification
problems.

3 Experiments

3.1 Experimental setup

Tasks. We test our VARS on the two classifica-
tion tasks introduced by the SoccerNet-MVFouls
dataset [35]: Fine-grained foul classification, which
is the task of classifying a foul into one of 8
fine-grained foul classes (i.e., “Standing tack-
ling”, “Tackling”, “High leg”, “Pushing”, “Hold-
ing”, “Elbowing”, “Challenge”, and “Dive/Simu-
lation”), and Offence severity classification, which
is the task of classifying whether an action is
an offence, as well as the severity of the foul,
defined by four classes: “No offence”, “Offence +
No card”, “Offence + Yellow card”, and “Offence
+ Red card”.

Data. The SoccerNet-MVFoul dataset contains
3,901 actions, composed of at least two videos, the
live action and at least one replay, see Figure 1.
The views were manually synchronized by a
human and no pre-processing of the video clips
is necessary. Our VARS is trained on clips of 16
frames, mostly 8 frames before the foul and 8
after the foul, spanning one second temporally
with a spatial dimension re-scaled to 224 × 224
pixels. This approach was chosen because of the
high computational cost associated with using a
larger number of frames. Future research could
explore whether an increase in frame rate or a
larger temporal context enhances performance.

Training details. The encoder E is pre-trained
as detailed in the methodology, and the classifier
C is trained from scratch, both being trained in an
end-to-end fashion. We use a cross-entropy loss,
optimized with Adam on a batch size of 6 samples.
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The learning rate starts at 5e−5 and is multiplied
by 0.3 every 3 steps. To artificially increase the
dataset size, we use data augmentation and a ran-
dom temporal shift to have a flexible number of
frames used before and after the foul frame anno-
tation during training. The model begins to overfit
after 7 epochs and requires approximately 8 hours
of training time on a single NVIDIA V100 GPU.

Evaluations metrics. To evaluate the perfor-
mance of the VARS, SoccerNet-MVFouls uses
the classification accuracy, which is the ratio of
correctly classified actions regarding the total
number of actions. As SoccerNet-MVFouls [35] is
unbalanced, the authors also suggest a balanced
accuracy, which is defined as follows:

Balanced Accuracy (BA) =
1

N

N∑

i=1

TPi

Pi
, (7)

with N being the number of classes, TPi the
number of True Positives and Pi the number of
Positives for class i. To ensure a fair comparison,
we use the same training, validation, and test sets
as those used in the original paper [35].

3.2 Main results

Table 1 shows the results obtained for the fine-
grained foul and the offense severity classification
task. Compared to the fixed combination of the
feature vectors (mean or max pooling), our novel
attention mechanism enhances the model’s ability
to identify and classify the type of foul by 5% and
the balanced accuracy by 1%. This demonstrates
the effectiveness of combining the feature vectors
of the different views based on their importance
compared to max or mean pooling. Similarly, the
attention mechanism improves the model’s perfor-
mance to determine if an action is a foul and the
corresponding severity by 3% and the balanced
accuracy remains the same compared to max
pooling. One might argue that the performance
increase is based on the supplementary parameters
introduced by the attention mechanism. How-
ever, the attention mechanism only adds an extra
0.1% of parameters to the model compared to
when using max and mean pooling. This suggests
that the performance increase derives from the
use of the attention mechanism rather than the
introduction of additional parameters.

Type of Foul Offence Severity

Feat. extr. Pooling Acc. BA. Acc. BA.

ResNet Mean 0.30 0.27 0.34 0.25
ResNet Max 0.32 0.27 0.32 0.24
R(2+1)D Mean 0.32 0.34 0.34 0.30
R(2+1)D Max 0.34 0.33 0.39 0.31
MViT Mean 0.44 0.40 0.38 0.31
MViT Max 0.45 0.39 0.43 0.34

MViT Attention 0.50 0.41 0.46 0.34

Table 1: Multi-task classification. Attention
pooling sets a new benchmark on the SoccerNet-
MVFoul dataset for all the evaluation metrics
and tasks. Type of foul classification accuracy
increased by 5% while the balanced accuracy (BA)
increased by 1%. We have an increment of 3% for
the offense severity classification, while the bal-
anced accuracy stays the same.

3.3 Detailed analysis

Sensitivity analysis. We first investigate the
impact of the training dataset size on the per-
formance of our two classification tasks. Figure 3
shows the evolution of the accuracy regarding dif-
ferent training dataset sizes. For each dataset size,
we independently trained and tested the model
10 times to avoid any epistemic uncertainty bias.
The tests were all performed on the same test
set. As expected, we observe that increasing the

Fig. 3: Performance evaluation for different
dataset sizes. 100% of the dataset corresponds to
2,319 actions. For each dataset size, we indepen-
dently trained and tested the model 10 times. The
tests were all performed on the same test set. The
error bar corresponds to the standard deviation.
For 0% of the dataset, we indicate the accuracy
by taking a random decision.
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dataset size improves the accuracy of our VARS.
For the type of foul classification, we notice a sig-
nificant improvement in accuracy with increasing
dataset size, especially at the beginning. How-
ever, the accuracy reached a plateau between 40%
and 80% of the data. Interestingly, we observed
a sudden increase in accuracy when we increased
the dataset size from 80% to 100%. This may
be attributable to our unbalanced dataset. The
dataset contains numerous “Standing tacklings”
and “Tacklings”, while many of the other labels
are underrepresented. Increasing the dataset size
from 40% to 80% may not have improved accuracy
if the model still struggles to generalize to certain
actions due to a limited number of training sam-
ples. However, increasing the dataset size to 100%
could have provided the model with the addi-
tional data necessary to better generalize actions.
Moreover, Figure 3 reveals that our VARS is sig-
nificantly more prone to epistemic uncertainty for
smaller datasets, as indicated by the high standard
deviation.

In contrast, the offense severity curve in
Figure 3 initially shows a sharp increase, but
later demonstrates a slower growth. Yet, with each
increase in the dataset size, the accuracy improves,
which confirms that more data would further
improve the performance. The reason for this lies
in the significant variability in the visual appear-
ance of an offense with “No card”, “Yellow card”,
or “Red card”. For instance, a yellow card can be
the outcome of a tackle, or it can be the result
of a player holding an opponent’s shirt. Although
both instances may result in a yellow card, their
visual representations differ significantly. To accu-
rately determine whether an action is an offense
or not and the corresponding severity, the model
needs plenty of examples to learn the underlying
distribution.

Qualitative results. Figure 4 shows the predic-
tion of our VARS on two examples with a 3-view
setup. In both examples, the VARS correctly
determines the type of foul and correctly classifies
both actions as a foul with the correct severity.
Furthermore, the attention scores offer valuable
insights into the contribution of different views or
camera angles to the decision-making process of
the model. In both cases, the “live action clips”
have the lowest attention score, confirming our
intuition that they were filmed from too far away

Fig. 4: Qualitative results. VARS prediction
on two examples where the attention score of each
view is given in percentage. The ground truth is
given in bold and the model prediction with the
confidence is given in italic.

to make an accurate decision. Both replays have
a similar attention score, as they both offer a lot
of information to the model. However, we can
see that the most informative view has a slightly
higher attention score. The attention score pro-
vides insight on which views contribute the most
to classifications and helps us better understand
how the model processes the visual data. This
interpretability is especially important when the
VARS is used in practice, as it is essential for fans,
players, and referees to understand the reasoning
behind decisions and feel confident that the tech-
nology is improving the fairness and integrity of
the sport. Finally, the attention scores assigned to
each view can assist broadcasters in automatically
selecting the optimal camera angle for broad-
casting purposes. Furthermore, it can support
the VAR and helps speed up the review process
by automatically proposing the most informative
camera perspective. This is particularly useful at
a professional level, where the VAR can have up to
30 different camera perspectives at their disposal,
making finding the optimal camera a challenge on
its own. The attention scores would provide valu-
able information by highlighting the views that
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are more likely to provide crucial details, to accel-
erate the decision-making process during the VAR
review.

4 Human study

In contrast to classical classification tasks that
involve well-defined and easily separable classes,
determining whether an action in football consti-
tutes a foul may be subjective. Despite the defini-
tions and regulations provided by the Laws of the
Game [47], the rule book published by the IFAB
regarding when an action in football is considered
a foul and its corresponding severity, these guide-
lines are still open to interpretation, leading to
differing opinions about the same action. In prac-
tice, many actions fall into this gray area where
both interpretations, foul or no foul, could be con-
sidered correct. In this study, we first analyze
whether and how the performance of our VARS
aligns with human performance (i.e., referees and
football players) by comparing the accuracy of
the type of foul and offense severity classifica-
tions between VARS and our human participants.
Secondly, we conduct an inter-rater agreement
analysis of human decisions to quantify the extent
of agreement among our human participants.

Experimental setup. The study involves two
distinct groups of participants with different
expertise in football: “Players” and “Referees”.
The first group consisted of 15 male individuals
aged 18 or older (with a mean M = 23.06 and
a standard deviation SD = 3.49 years), who had
been playing football for a minimum of three years
(M = 8.71 and SD = 3.32 years). The second
group consisted of 15 male individuals aged 18 or
older (M = 25.33 and SD = 4.51 years), who are
certified football referees and have officiated in at
least 200 official games (from 223 to 1150 games).
Both groups analyzed 77 actions, each presented
with three different camera perspectives simulta-
neously. The participants could review the clips
several times and watch the actions in slow motion
or frame-by-frame, without any time restriction.
To reduce bias, the actions were shown in a
different random order to each participant. For
each action, we measured the time taken by the
participants to make their decision. This time
was measured from the moment the participants
started the video until they clicked on the ‘Next

Type of Foul Offence Severity Time

Acc. Conf. Acc. Conf.
Players 75% 3.6 58% 3.3 41.53
Referees 70% 3.7 60% 3.6 38.01
VARS 60% - 51% - 0.12

Table 2: Accuracy comparison between ref-
erees, players, and our VARS. The survey was
performed on a subset of the test set of size 77. The
time is given in seconds and represents the aver-
age time needed to make a decision. Acc. stands
for accuracy and conf. for confidence. A rating of 5
indicates high confidence, while a rating of 1 indi-
cates low confidence.

video’ button. For each action, the participants
had the same classification task as presented in
Section 3.1. Specifically, they had to determine the
type of foul, if the action was a foul or not, and the
corresponding severity. For each action, we use the
annotations from the SoccerNet-MVFoul dataset
as ground truth to determine the accuracy for each
participant. An important note is that the partic-
ipants have a clear advantage over our VARS as
they view clips lasting 5 seconds, with a frame rate
of 25 fps, while our model gets a 1-second clip at 16
fps as input. Finally, let us note that our study was
approved by the local university’s ethics commit-
tee (2223-080/5624). All analyses were performed
using the JASP software.

4.1 Comparison to human
performance

Table 2 shows the average accuracy compared
to the ground truth of players, referees, and our
VARS, respectively. These results align with sim-
ilar studies [52–54], where the referees had an
overall decision accuracy ranging from 45% to
80%.

In terms of the type of foul categorization,
players (M = 0.752, SD = 0.055) were numeri-
cally more accurate than referees (M = 0.704, SD
= 0.120), but this difference was not statistically
significant, as shown by an independent samples
Student t-test, t(28) = 1.421, p = 0.166, d =
0.519, 95% CI = [−0.214 - 1.243]. Mean confidence
levels in these categorizations were comparable
between players (M = 3.64, SD = 0.28) and
referees (M = 3.71, SD = 0.32), t(28) < 1.
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As for determining if an action corresponds
to a foul and the corresponding severity, refer-
ees were slightly more accurate (M = 0.594, SD
= 0.091) than players (M = 0.582, SD = 0.061).
However, this difference was not statistically sig-
nificant, t(28) = −0, 401, p = 0.691, d = −0.147,
95% CI = [−0.862 - 0.571]. Although the accuracy
of players and referees was comparable, referees
were more confident in their severity judgments
(M = 3.67, SD = 0.36) than players (M = 3.33,
SD = 0.39), t(28) = −2.3, p = 0.029, d = −0.839,
95% CI = [−1.581 - −0.084]. Referees’ higher con-
fidence might be due to their specific experience
in assessing fouls and their severity on the field.

Overall, our results suggest that the accu-
racy of players and referees is comparable. The
Bayesian version of the Student t-test provides
support for this null hypothesis with Bayes factors
BF10 of 0.732 and 0.366 for the type of foul and
offense severity task, respectively. There is a pos-
sibility that this lack of difference between groups
is due to power issues, i.e., the sample size being
too small. Replication studies conducted on larger
groups would be valuable in revealing potential
differences between the two human groups.

As we do not have a standard deviation for the
VARS, we conducted two One-Sample t-tests to
compare its performance against humans (players
and referees were grouped as their accuracy was
comparable). For action categorization, humans
(M = 0.728, SD = 0.095) were significantly more
accurate than our VARS (M = 0.597), t(29) =
7.556, p < .001, d = 1.379, 95% CI = [0.870 -
1.876]. Humans were also more accurate (M =
0.588, SD = 0.081) than our VARS (M = 0.508)
for offense severity judgments, t(29) = 5.492, p <
.001, d = 1.003, 95% CI = [0.556 - 1.437]. This
difference in performance might be due to differ-
ences in training between our VARS and humans.
Players and referees have accumulated an exten-
sive amount of experience in football, through
officiating, playing, and watching the game for
countless hours. In contrast, our VARS has only
been trained on an unbalanced training set of
2,916 actions, where some types of labels only
occur a few times. For example, there are only 27
fouls with a red card in the training set, making
it difficult for the model to precisely learn the dif-
ference between a foul with a yellow card and one
with a red card. Considering the difficulty of the
task and the significant experience disadvantage

Nb. of different decisions 1 2 3 4

High-level referees 16% 56% 28% 0%
Referee talents 2% 60% 38% 0%

Table 3: Similarity analysis of the results for
Offense Severity classification. Among high-
level referees, 28% of cases result in three different
decisions being made for the same action. For
referee talents, this percentage even increases to
38%. These results show the significant challenge
involved in determining whether an action should
be classified as a foul and assessing its correspond-
ing severity.

of our VARS compared to humans, the current
results are promising. Further, it is notable that
our VARS only requires 120ms to reach a decision,
which is more than 300 times faster than humans.
Both referees and players require a similar amount
of time to make a decision. On average, players
take around 41.53 seconds and referees 38.01 sec-
onds, which is similar to the average time of 46
seconds taken for the VAR to make a decision as
reported by López [55].

4.2 Inter-rater agreement

In this subsection, we investigate the reliability
and consistency of humans in determining whether
an action constitutes a foul and its severity. To
assess the level of consensus among humans, we
calculated inter-rater agreement in each group for
the severity classification task. Since determining
if an action is a foul and assessing its severity is
the most important task, we only focus on eval-
uating inter-rater agreement for this aspect. To
quantify the inter-rater agreement, we calculated
the unweighted average Cohen’s kappa, which
measures the agreement between multiple individ-
uals. The referees achieved an unweighted average
Cohen’s kappa of 0.213, indicating weak agree-
ment. Similarly, players’ agreement was weak,
with a score of 0.223. This suggests limited con-
sistency among both groups in their assessments.
Among our 15 referees, 7 are officiating at a high
level (in the highest league of their country).
These referees are called “high-level referees” in
the following. All other referees are called “ref-
eree talents”. Table 3 shows the consensus in
each subgroup for the offense severity classifica-
tion task. As can be seen, high-level and referee
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Fig. 5: Example of the subjectivity of human choices. Decisions taken by our participants: “No
offense”, “Offense + No card”, and “Offense + Yellow card”.

talents reached a consensus between themselves
for only 16% and 2% of the actions, respectively.
In the majority of cases, multiple decisions were
made for the same action, indicating the diffi-
culty in determining whether an action should be
classified as a foul and assessing its severity. Par-
ticularly among referee talents, 38% of actions
resulted in three different decisions (out of four
possible decisions to take) for the same action.
Figure 5 shows an example of an action where all
three decisions “No offense”, “Offense + No card”
and “Offense + Yellow card” were taken among
the referees. For certain referees, the fact that the
defender plays the ball is considered enough to
not award a free-kick in this situation. However,
other referees believe that even if the defender
plays the ball, he disregards the danger to, or con-
sequences for, an opponent and awards a yellow
card. These findings underscore the complexity
and subjectivity inherent in refereeing decisions,
highlighting the potential for further research to
improve consistency and fairness in officiating.

5 Conclusion

Distinguishing between a foul and no foul and
determining its severity is a complex and subjec-
tive task that relies entirely on the interpretation
of the Laws of the Game [47] by each individ-
ual. Despite the challenges posed by this complex
task and an unbalanced training dataset, our solu-
tion demonstrates promising results. While we
have not reached human-level performance yet,
we believe that VARS holds the potential to
assist and support referees across all levels of
professionalism in the future.
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[55] López, A.M.: Average time needed for a
video assistant referee (VAR) interven-
tion in Brazil in 2019 and 2020. https:
//www.statista.com/statistics/1010093/
average-time-video-assistant-referee-checking-brazil/
(2023)

109



X-VARS: Introducing Explainability in Football Refereeing
with Multi-Modal Large Language Models

Jan Held1 Hani Itani2 Anthony Cioppa1 Silvio Giancola2

Bernard Ghanem2 Marc Van Droogenbroeck1

1 University of Liège 2 KAUST

Abstract

The rapid advancement of artificial intelligence has led
to significant improvements in automated decision-making.
However, the increased performance of models often comes
at the cost of explainability and transparency of their
decision-making processes. In this paper, we investigate
the capabilities of large language models to explain deci-
sions, using football refereeing as a testing ground, given
its decision complexity and subjectivity. We introduce the
EXplainable Video Assistant Referee System, X-VARS, a
multi-modal large language model designed for under-
standing football videos from the point of view of a ref-
eree. X-VARS can perform a multitude of tasks, including
video description, question answering, action recognition,
and conducting meaningful conversations based on video
content and in accordance with the Laws of the Game for
football referees. We validate X-VARS on our novel dataset,
SoccerNet-XFoul, which consists of more than 22k video-
question-answer triplets annotated by over 70 experienced
football referees. Our experiments and human study illus-
trate the impressive capabilities of X-VARS in interpreting
complex football clips. Furthermore, we highlight the po-
tential of X-VARS to reach human performance and support
football referees in the future. We will provide code, model,
dataset, and demo upon publication.

1. Introduction

Recently, the field of Artificial Intelligence (AI) has wit-
nessed remarkable progress in the development of large lan-
guage models [3, 6, 16, 25, 64]. These models have ac-
quired a strong language understanding, enabling them to
tackle a broad range of linguistic tasks, ranging from text
generation and conversation to zero-shot question answer-
ing. The development has further progressed with multi-
modal language models, going beyond the constraints of
text-based inputs, but also including images, videos, and
audio [1, 41, 69, 71]. However, as the capabilities of these

Is it a foul or not? Why?

Yes, it is a foul. The defender pulled the 
attacker's jersey backwards with medium 
intensity in the battle for the ball.

Yes, the defender grabs the opposing 
player with both hands and pulls him 
back.

What card would you give? Why?

A yellow card. The player committed a 
foul and should receive a yellow card as 
the foul was made with high speed and 
was reckless.

Even though the defender arrives late, he 
only hits the attacker with low intensity 
on the foot and therefore the referee 
should not give a card here.

Figure 1. SoccerNet-XFoul dataset. Examples of annotations
from two different referees for the same foul. The second example
illustrates the complexity and subjectivity of refereeing decisions.

models continue to advance, the increase in model perfor-
mance often comes at the cost of reduced explainability and
transparency. This trend poses several challenges for users
and developers who seek to understand the why and how
behind a model’s decision-making process. Explaining the
reasoning process of AI models is particularly crucial in do-
mains requiring high levels of trust, such as healthcare, au-
tonomous driving, or sports. In the context of football, ref-
eree decisions can significantly impact the financial future
and existence of clubs, making it essential for AI models to
transparently explain their decision-making process. Such
transparency is key to building trust and facilitating the ac-
ceptance and integration of AI in sports. For instance, dur-
ing the Qatar World Cup 2022, FIFA employed an AI sys-
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tem for semi-automated offside detection [19]. To enhance
the system’s transparency and explainability, it generates a
3D representation of the game to allow referees and spec-
tators to visually verify offside positions with undeniable
clarity, bridging the gap between AI decision-making and
human understanding.

In this paper, we explore the use of large language mod-
els to enhance transparency and explainability of automated
referee decision-making. Football refereeing offers an ideal
environment, as many of the decisions that referees make
are subjective and reliant on each individual’s interpreta-
tion of the rules of the game. Particularly, we introduce X-
VARS, the first multi-modal large language model designed
to explain football refereeing decisions. X-VARS is based
on a Vision Language Model (VLM) [41] that adapts the
design of the LLaVa [37] model for spatio-temporal video
modeling. We train X-VARS using a new training paradigm
where we input the visual features and the multi-task predic-
tions of our fine-tuned visual encoder CLIP ViT-L/14 [50]
to the language model. We validate X-VARS on our novel
SoccerNet-XFoul dataset containing more than 22k video-
question-answer triplets about the most fundamental refer-
eeing questions. More than 70 professional referees anno-
tated our dataset and provided, for each question, detailed
explanations about their decisions. X-VARS achieves state-
of-the-art performance on the SoccerNet-MVFoul dataset,
and our human study demonstrates that X-VARS generates
explanations for its decisions at a level comparable to hu-
man referees. Finally, X-VARS can analyze and understand
complex football duels and provide accurate decision ex-
planations, opening doors for future applications to support
referees in their decision-making processes.

Contributions. We summarize our contributions as fol-
lows: (i) We publicly release SoccerNet-XFoul, a new multi-
modal dataset containing more than 22k video-question-
answer triplets about refereeing questions. (ii) We intro-
duce X-VARS, a new vision language model that can per-
form multiple multi-modal tasks such as visual captioning,
question-answering, video action recognition, and can gen-
erate explanations of its decisions on-par with human level.
(iii) We perform a thorough evaluation of our model, includ-
ing analyses of our new training paradigm, the influence of
the CLIP text predictions, and a human study that compares
X-VARS to human referees.

2. Related work

Sports video understanding. The field of sports video un-
derstanding has gained a lot of interest lately [63]. It encom-
passes a wide range of tasks such as player segmentation,
detection, and tracking [10, 42, 43, 56, 66], keypoint detec-
tion [38], summarizing [20,45], player re-identification [43,
60], action spotting in untrimmed videos [8, 9, 14, 23, 27,

57–59], pass prediction and feasibility [2,26], foul recogni-
tion [18, 24] or dense video captioning for football broad-
casts commentaries [47]. Such tasks can be formulated
and solved by leveraging recent advances in deep learn-
ing for general video understanding. However, progress in
sports video understanding heavily relies on the availability
of sports-centric large-scale annotated datasets [31, 32, 44,
49, 54, 65, 70]. SoccerNet [7, 11–13, 21, 22] stands among
the largest and most comprehensive dataset for video un-
derstanding in soccer. SoccerNet-MVFoul [24] further ex-
tended SoccerNet by proposing a novel multi-view football
dataset designed for foul classification annotated by profes-
sional referees. In this work, we further extend SoccerNet-
MVFoul into a visual-question-answering dataset focused
on football refereeing questions, named SoccerNet-XFoul.

Vision language models. Natural Language Process-
ing (NLP) has witnessed remarkable advancements with
the emergence of open-source Large Language Models
(LLMs) [3, 6, 16, 25, 48, 52, 64]. These models have
demonstrated exceptional capabilities in language under-
standing and generation tasks. LLMs have also served as
the basis for the success of many vision-language models
that are based on projecting the visual features of an im-
age [5, 29, 37, 68, 71] or a video [1, 69] encoder onto the
input embedding space of an LLM. This idea and its vari-
ants allowed leveraging the power of LLMs for multi-modal
understanding. In this work, we propose X-VARS, a vision
language model for visual captioning, question-answering,
action video recognition, and conducting meaningful con-
versations based on video content.

Explainability. Recently, explainability in machine learn-
ing has received lots of attention, leading to the devel-
opment of various techniques to demystify complex mod-
els. LIME (Local Interpretable Model-agnostic Explana-
tions) [51] explains the predictions of any machine learning
classifier by approximating any classifier locally with an in-
terpretable model. Meanwhile, SHAP (SHapley Additive
exPlanations) [39] offers a unified perspective on feature
importance by averaging all feature combinations, ensur-
ing consistent attributions. Grad-CAM (Gradient-weighted
Class Activation Mapping) [55] employs gradient informa-
tion from the final convolutional layer to generate a heat
map highlighting crucial input image regions. Counterfac-
tual Explanations [67] identify the least number of changes
required in the input data to alter the model’s prediction,
offering insights into decision boundaries and feature im-
portance. Lastly, Explanation via Language [33] empha-
sizes natural language dialogues for enhanced interaction
between experts and models, underscoring the importance
of interactive systems tailored to user requirements. In this
paper, we investigate how large language models can ex-
plain decisions, using football refereeing as a testing envi-
ronment given its decision complexity and subjectivity.
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Dataset Type #Instances #Questions #Context VQA Captioning AR

Conceptual 12M [4] Images 12M 12M Various - -
LAION-5B [53] Images 3B 3B Various - -
LLava dataset [37] Images 158k 158k Various -
MovieQA [62] Videos 408 15k Movies - -
TVQA [34] Videos 21k 150k TV shows - -
Video Instruction Dataset [41] Videos 100k 100k Various -
HowTo100M [46] Videos 136M 136M Youtube - -

GOAL [61] Videos 1k 53k Football - -
Sports-QA [35] Videos 6k 94k Football -
SoccerNet-caption [47] Videos 942 - Football games - -

SoccerNet-XFoul (Ours) Football 10k 22k Football fouls

Table 1. Comparative overview of relevant datasets. SoccerNet-XFoul contains high-quality answers annotated by more than 70 experi-
enced referees. Our dataset is the largest dataset in sports with complex questions and the only one focusing on refereeing questions. VQA
stands for Visual Question Answering, AR stands for Action Recognition.

3. SoccerNet-XFoul dataset

The performance of supervised models mostly relies on
the quality and quantity of available annotated datasets.
Multi-modal datasets are generally harder to curate and
annotate, which explains their usually smaller size com-
pared to uncurated datasets. Table 1 shows a comparative
overview of multi-modal datasets in the literature, specif-
ically highlighting those that contain combinations of text
and image, as well as text and video pairs. We intro-
duce SoccerNet-XFoul, a dataset specifically designed for
foul video recognition and explanation. It consists of high-
quality video-text pairs with more than 10k video clips and
22k questions, annotated by more than 70 experienced ref-
erees. Compared to the other sports datasets, SoccerNet-
XFoul has the most video clips and much more complex
questions. In the following, we present our approach to cre-
ating this high-quality human-annotated dataset.

Questions. We identify 4 key questions on the most foun-
dational, complex, and game-impacting decisions a referee
must confront during a game. To answer the two first ques-
tions, “Is it a foul or not? Why?” and “What card would
you give? Why?”, the model requires an in-depth under-
standing of the rules of the game [30] as well as an under-
standing of the context in which an action occurred. Factors
such as the intent, the foul location, the game dynamic and
the intensity of the contact must all be considered. The two
last questions, if “the defender stops a promising attack or a
goal-scoring opportunity?” and if “the referee could have
given an advantage?” add a new layer of difficulty and pre-
diction analysis. The answers to the questions are not only
visual, since the model has to make predictions about po-
tential future outcomes. For instance, in assessing whether
the referee should have given an advantage, the model needs

to evaluate whether the attacking team would benefit more
from continuing play rather than being granted a free-kick.
Annotators. As no public dataset is available that provides
detailed answers and explanations to these refereeing ques-
tions, we conducted an annotation campaign with over 70
referees over a three-month period. To ensure high-quality
answers, only experienced referees were selected for the an-
notations. The referees have officiated between 140 and
2,279 official games, with an average of 655 games. They
were allowed to assess as many video clips as they wished,
with the flexibility to pause at any time to avoid fatigue.
Each annotator had the option to provide answers in Ger-
man, French, English, or Spanish to prevent any linguistic
barriers. The answers were translated from the original lan-
guage to English by ChatGPT-3.5 [3] and then reviewed by
another human referee to ensure accurate translation.
Subjectivity. Figure 1 displays an example of the subjec-
tivity of the annotations. While one referee annotator would
not give a card because he thought the foul was made with
low intensity, the other annotator would give a yellow card
because he believed the tackling was made with high speed
and was reckless. Due to this inherent subjectivity in ref-
ereeing, our objective was to gather multiple answers for
the same action, rather than collecting a single decision
and explanation for each question. Therefore, the multi-
ple decisions and explanations actually help the model to
learn a range of valid interpretations and reasoning strate-
gies employed by human referees. All in all, this can im-
prove the robustness of the AI model, enabling it to make
informed decisions even in ambiguous or subjective situa-
tions. Practically, the annotators were randomly assigned
different video clips, ensuring that the same action might be
evaluated multiple times. In the end, for each action, we
have, on average, 1.5 answers for the same question.
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Figure 2. Distribution of the most common words. The most fre-
quent words are “foul” and “defender,” followed by semantically
related words related to football and referee actions and terms.
There is thus a significant imbalance in the distribution.

Statistics. Our dataset contains 10k video clips with over
22k referee-generated questions and answers. Figure 2,
shows the distribution of the most common words in the
explanations of the referee annotators. The most frequently
used words are specific terminologies for describing a duel
between two players, ranging from descriptive terms such
as defender or card to key terms to consider for evaluating
fouls such as intention or intensity. The number of words
per answer ranges from 1 to 66, with a total of more than
540k words and an average of almost 25 words per answer,
with a significant imbalance in the distribution of words.
Novelty. Compared to traditional visual-question answer-
ing datasets, the SoccerNet-XFoul dataset is the first to an-
swer refereeing questions, with detailed explanations of
why a particular decision is correct. This explainability is a
unique approach that enhances the dataset’s complexity and
ensures a deeper understanding and representation of real-
world scenarios where AI models must make and explain
their decisions. Furthermore, the interpretation of situations
in our dataset is context-dependent. The interpretation of a
foul might differ depending on whether it occurs in the mid-
dle of the field or in the penalty area. To correctly answer
questions, the model must have an in-depth understanding
of the game. Finally, the model needs a level of predictive
analysis. For instance, to determine if a defender stopped
a promising attack, the model must understand what hap-
pened at the moment of the foul and what could have hap-
pened in the immediate future. This involves making com-
plex predictions about potential future outcomes, a task that

is far more advanced compared to traditional VQA datasets.
Hence, our SoccerNet-XFoul dataset is the first and largest
visual question-answering dataset for referees in football,
offering many new challenges to be explored.

4. Methodology
In this section, we provide a comprehensive description

of our novel EXplainable Video Assistant Referee System,
“X-VARS”, for foul and severity recognition, providing ex-
planations on its decision-making process. We begin by
presenting the architecture with a detailed description of
each individual component of X-VARS. Then, we provide
an in-depth explanation of its training process.

4.1. Architecture

Figure 3 illustrates the key architectural components
of X-VARS. We use Video-ChatGPT [41], a multi-modal
model capable of understanding and generating detailed
conversations about videos, as our foundation model. We
make several changes to the architecture to adapt it to our
needs. Formally, we input a video clip v ∈ RT×H×W×C ,
with T , H , W and C being respectively the number of
frames, height, width, and channel dimension of the video,
to CLIP ViT-L/14 [50],

fi,hi = CLIP (v) , (1)

and obtain the corresponding frame feature vector fi ∈
RT×D1 and the hidden states hi ∈ RT×S×D2 , with S being
the number of tokens obtained by multiplying w = W/p
and h = H/p, where p is the patch size of CLIP, D1 the
dimension of the output layer and D2 the dimension of
the hidden states. We then average-pool the hidden states
across the temporal dimension to obtain temporal features
t ∈ RS×D2 and along the spatial dimension to get the video-
level spatial representation s ∈ RT×D2 . Finally, we con-
catenate both to obtain spatio-temporal features.

z = [t s] ∈ R(S+T )×D2 . (2)

Before feeding the video features z into the LLM, we
project them into the same feature space as the text embed-
dings by applying a linear projection layer:

w = Linear(z) ∈ R(S+T )×D2 . (3)

with w being a sequence of visual tokens. The feature vec-
tors fi are also average-pooled along the temporal dimen-
sion to obtain a single video-level representation f ∈ RD1 .
The video-level feature representation f is passed through
two classification heads Cfoul and Csev to obtain the type
of foul (i.e. Tackling, Holding, Pushing, Standing tackling,
Elbowing, Dive, Challenge, or High leg) and to determine
whether it is a foul or not, and the corresponding severity
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T video frames

Visual Encoder Fine-tuned CLIP (L/14) 

Linear layer

Large Language Model (Vicuna-v1.1)

User input Video tokens

Model output

Multi-task predictions

Cfoul Csev

Figure 3. Architecture of X-VARS. X-VARS is a visual language model based on a fine-tuned CLIP visual encoder to extract spatio-
temporal video features and to obtain multi-task predictions regarding the type and severity of fouls. The linear layer connects the vision
encoder to the language model by projection the video features in the text embedding dimension. We input the projected spatio-temporal
features alongside the text predictions obtained by the two classification heads Cfoul and Csev (for the task of determining the type of foul
and the task of determining if it is a foul and the corresponding severity) into the Vicuna-v1.1 model, initialized with weights from LLaVA.

(i.e. No offence, Offence + No card, Offence + Yellow card
or Offence + Red card), with the predictions being:

Pfoul = argmaxCfoul , (4)

Psev = argmaxCsev . (5)

These predicted labels with the highest confidence are in-
jected as a textual prompt to the LLM. Hence, this multi-
task classification enables the model to utilize acquired in-
formation to enhance the performance of the explanation.

To obtain high performance with LLMs, a crucial part
consists in determining a prompt which is understandable
by the LLM. As we use the Video-ChatGPT backbone, we
design our prompt with the following query:

USER :< Question >< Pfoul >< Psev >< w > (6)
Assistant :

where < Question > represents one of our questions
randomly sampled from the training set of video-question-
answer triplets, < Pfoul > and < Psev > are the two
predictions on the foul type and severity recognition task
obtained from the fine-tuned CLIP, and < w > are the pro-
jected spatio-temporal features. X-VARS is trained to pre-
dict the answers of the assistant as an auto-regressive model.

4.2. Training Paradigm

We propose a two-stage training approach. The first
stage fine-tunes CLIP on a multi-task classification to learn
prior knowledge about football and refereeing. The second

CLIP Cfoul & Csev Linear Layer LLM

Stage 1 - -
Stage 2

Table 2. Overview of the training stages. In stage 1, we fine-
tune CLIP and the classification heads Cfoul and Csev to give
X-VARS some prior knowledge about refereeing. In stage 2, we
keep them frozen and fine-tune the linear layer and partially the
LLM.

step consists in fine-tuning the projection layer and several
layers of the LLM to enhance the model’s generation abili-
ties in the sport-specific domain.
Stage 1: Fine-tuning to inject football knowledge. While
CLIP is excellent at generalizing across various image
tasks, it lacks the ability to recognize fine-grained actions
or events. These actions are mostly recognizable by consid-
ering the temporal dimension rather than images alone. For
instance, assessing the severity of a foul requires consider-
ing factors such as the intensity and the speed, which cannot
be determined by simply examining images. Since CLIP
was not trained specifically on football data, the feature rep-
resentation between two football clips would be very simi-
lar, despite the videos depicting different scenarios. Hence,
since all our videos are related to football, the output fea-
tures will share similarities. This proximity between fea-
tures actually poses a challenge for the LLM, making it
difficult to effectively distinguish between different actions.
To avoid these issues, we fine-tune CLIP on the SoccerNet-
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MVFoul dataset [24] to learn prior knowledge about foot-
ball. The training consists of minimizing the summed cross-
entropy loss of both tasks. Given the similar magnitudes of
both losses, we sum them without scaling or weighting.

Stage 2: Feature alignment and end-to-end training. We
freeze the fine-tuned CLIPs weights and continue training
the linear projection layer and the LLM. Training a projec-
tion layer from scratch requires many high-quality video-
text pairs and computational resources. To alleviate this,
we use the pre-trained weights of the projection layer from
Video-ChatGPT [41], which was trained on a dataset of
100k video-text pairs. We further fine-tune this projection
layer to map the spatio-temporal features of our football
clips into the same dimensional space as the word embed-
dings. As demonstrated in [37, 40, 41, 71], a simple lin-
ear layer is sufficient for connecting video features with the
word embedding. During training, we replace the predic-
tions of CLIP < Pfoul > and < Psev > by the ground truth
< Gfoul > and < Gsev > as CLIPs predictions might be
noisy, which could lead to confusions. Since determining
foul type and severity is subjective, alignment between the
ground truth of the SoccerNet-MVFoul dataset and the ref-
eree responses from our SoccerNet-XFoul dataset may vary.
Consequently, even when giving < Gfoul > and < Gsev >
during training, the model may not only use this informa-
tion without using the video tokens to produce the text.

5. Experiments

In this section, we analyze the performance of X-VARS
on the two most important refereeing questions: “Is it a foul
or not? Why?” and “What card would you give? Why?”.
Given the importance of these questions, we conduct a com-
prehensive and detailed analysis, providing insights into the
improvements in the video recognition performance, a hu-
man study to assess the model’s explanations, some quali-
tative results, and a thorough ablation study.

5.1. Implementation details

We fine-tune CLIP-L/14 on the SoccerNet-XFoul dataset
for 14 epochs with a learning rate of 5 × 10−6 on a sin-
gle Nvidia V100 GPU with a batch size of 64, using gra-
dient accumulation to overcome memory limitation. The
fine-tuning of the model takes about 9 hours. We use 16
frames in 224p resolution per clip, with 8 frames before
and 8 frames after the foul. For the second stage, we em-
ploy QLORA [15, 28] to enhance memory efficiency and
enable training on a single GPU. We only fine-tune 1% of
the layers for 3 epochs using a learning rate of 2×10−4 and
an overall batch size of 32. The training on 2 A100 40GB
GPUs takes about 2 hours. Table 2 provides an overview of
the state of the various key components during training.

Distribution

Mean 1 2 3 4 5

Referees 4.0 3% 10% 8% 46% 33%
X-VARS 3.8 3% 17% 4% 46% 30%

Table 3. Score and distributions obtained during our human
study comparing the quality of referees and X-VARS gener-
ated explanations. The mean scores of X-VARS closely match
those of human referees. In 46% of the video clips, X-VARS
achieved higher scores for its explanations than the human ref-
erees. The distribution of the results is very similar for human
referees and X-VARS. A score of 5 is the highest and represents
strongly agree while 1 is strongly disagree.

5.2. Human study on explanation performance

Evaluating generative tasks, such as text, image, or video
generation, remains a significant challenge due to their sub-
jective nature and the absence of proper evaluation metrics.
Traditional language metrics are not very informative for
our purpose, as two sentences can be linguistically very
similar, yet have entirely different meanings. To achieve
quantitative results, we conducted a human study with 20
football referees who evaluated the quality of responses
without knowing if they were generated by a human referee
or by X-VARS. The referee officiated between 85 and 850
official games, with an average of 490 games. Each partici-
pant assessed 20 random video clips, each lasting 5 seconds,
with no time restrictions. They evaluated the quality of the
explanation, considering whether the evaluation was con-
sistent with the video and if the decision and explanation
aligned with the Laws of the Game [30]. They rated each
explanation on a scale of 1 to 5, with 5 indicating strongly
agree and 1 indicating strongly disagree. Table 3 shows the
results, with X-VARS performing similarly to the human
referees, with only minimal score differences. X-VARS’s
explanations were more convincing in 46% of the cases than
the referee’s. While both show similar results for strongly
agree and agree, X-VARS obtains more disagree responses
than human referees. The majority of videos where partici-
pants disagreed with X-VARS involve types of fouls that are
rare in our dataset, i.e. when the defender uses his arms ille-
gally by pushing his opponent or hitting him with the elbow
in the face. Overall, the human study highlights X-VARS’s
impressive ability to understand football videos and explain
its decisions at a level comparable to human referees.

5.3. Qualitative results

Figure 4 showcases two examples of conversations gen-
erated by our proposed X-VARS. Particularly, we illustrate
its remarkable ability to understand and generate decisions
with explanations related to visual content and the Laws of
the Game [30]. Although X-VARS was only fine-tuned on
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No card, as the defender is holding onto the attacker's 
jersey without it being unsportsmanlike and without 
any risk of injury.

What card would you give? Why?

Should the defender receive a red card?

No, the defender should not receive a red card. The 
foul was committed with low intensity and without 
any risk of injury.

Describe what you can see in the video.

In the video, the defender is holding onto the 
attacker's jersey with both hands. The attacker is 
trying to run past the defender, but the defender is 
preventing him from doing so by holding onto his 
jersey.

No, the defender did not touch the attacker on the 
foot. The defender is holding onto the attacker's jersey 
with both hands.

Did the defender hit the attacker with his 
hand in the face?

No, the defender did not hit the attacker with his hand 
in the face. The defender is holding onto the attacker's 
jersey with both hands.

Did the defender touch the attacker on 
the foot?

(a) Q: What card would you give? Why? GT: No card because the defender
briefly held onto the attacker’s arm during the fight for the ball, without it
being unsportsmanlike.

The defender's tackling was done with moderate 
intensity while he attempted to play the ball. 
However, the speed of the tackle and the direction of 
his feet show a lack of consideration for the 
well-being of his opponent, and therefore, such 
action should be considered reckless. The player 
should be punished with a yellow card.

What card would you give? Why?

Did the defender touch the ball?

No, the defender did not touch the ball. He only hit the 
attacker with his tackle.

Did the defender intend to play the ball?

No, the defender did not intend to play the ball. He 
only hit the attacker with his tackle.

Where was the point of contact?

The point of contact was on the attacker's foot.

Would it be red if he had hit your 
defender on the knee?

Yes, it would be a red card if the defender had hit the 
attacker on the knee. Such an action is considered a 
serious foul and endangers the health of the 
opponent.

(b) Q: What card would you give? Why? GT: No card. Even though the
defender had no chance to play the ball, he touched the attacker with low
intensity on the foot.

Figure 4. Qualitative results. Although X-VARS has never been specifically fine-tuned for conversation, it has inherited its conversational
capabilities from the pre-trained model. X-VARS demonstrates impressive discussion skills while being aligned with the video content
and the Laws of the Game. (a) X-VARS is close to the ground truth and is able to accurately answer the user’s question. (b) This example
shows the subjectivity of foul situations. X-VARS interprets the foul as medium intensity, while the human referee interprets it as low
intensity with no chance to play the ball.

two questions, Figure 4 illustrates that X-VARS can gener-
alize and accurately answer or describe video content with-
out any specific fine-tuning. Furthermore, X-VARS was
not fine-tuned for conversation, but we inherited these ca-
pabilities from the pre-trained conversational model Video-
ChatGPT [41], which serves as the foundation for X-VARS.
Hence, throughout our two fine-tuning stages, we retained
the conversation capabilities of the foundation model and
can generate meaningful conversations with X-VARS about
football and refereeing. Another interesting fact is the typ-
ical characteristic of LLMs to consistently agree with hu-
man users. Surprisingly, X-VARS mostly maintains its de-
cision and offers comprehensive explanations for it, even
when asked questions such as “Should the defender receive
a red card?”, when the specific foul would not require any.

However, similarly to other LLMs, X-VARS has also inher-
ited typical issues such as hallucinations, in which it rec-
ognizes actions in the video that are not present. Future
work could investigate if more high-quality data or more
advanced LLMs would limit this hallucination effect.

5.4. Ablation study

Video action recognition performance. Table 4 shows
the performance of CLIP-L/14 after the fine-tuning process
in foul classification tasks. We compare it to the previous
state-of-the-art (SOTA) achieved by Held et al. [24] by us-
ing the same number of frames and video quality to have a
fair comparison. Held et al. used the MViT [17, 36] video
encoder to extract spatio-temporal features. As SoccerNet-
MVFoul contains multiple views for each action, they ag-
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Type of Foul Offence Severity

Feat. extr. Pooling Acc. BA. Acc. BA.

ResNet [24] Mean 0.30 0.27 0.34 0.25
ResNet [24] Max 0.32 0.27 0.32 0.24
R(2+1)D [24] Mean 0.32 0.34 0.34 0.30
R(2+1)D [24] Max 0.34 0.33 0.39 0.31
VARS-MViT [24] Mean 0.44 0.40 0.38 0.31
VARS-MViT [24] Max 0.45 0.39 0.43 0.34

CLIP-L/14 Single-view 0.51 0.39 0.52 0.35
X-VARS Single-view / / 0.62 0.35

Table 4. Multi-task classification. We compare the multi-task
classification accuracy of the fine-tuned CLIP-L/14 and X-VARS
(fine-tuned CLIP + LLM) to the performance obtained by Held et
al. [24]. We obtain state-of-the-art performances for three of the
four metrics while using a single view instead of multi-views. X-
VARS enhances the classification accuracy of offence and severity
by 19% compared to the previous SOTA. Acc. stands for Accuracy
and BA. stands for balanced accuracy.

gregate the features of the different views by mean or max
pooling. In this work, we fine-tune CLIP on a single view
and evaluate it on the same actions, using only a single view
instead of the multi-views. Despite fewer views, CLIP out-
performs the previous SOTA in three of the four metrics,
especially enhancing foul and severity classification, with
an increase of 9% in accuracy. To determine the recognition
performance of X-VARS, we asked X-VARS for each video
clip, if it was a foul or not, and its corresponding severity.
We then asked ChatGPT-3.5 to extract the classification pre-
dictions from the generated explanations. Finally, compar-
ing these predictions of X-VARS to the ground truth, we ob-
serve a significant performance increase to 62% accuracy in
determining whether a foul occurred and its severity com-
pared to CLIPs predictions. Hence, X-VARS outperforms
the previous state-of-the-art VARS (MViT+Max Pool) sys-
tem [24] by 19%. However, since most of the explanations
of X-VARS do not explicitly indicate the type of foul, it is
not possible to accurately extract it from the explanations.
For this reason, we were not able to evaluate the accuracy
of X-VARS in determining the type of foul.

Influence of the video tokens. We investigated if the LLM
simply generates its answers based on the multi-task predic-
tions that we give as input to the LLM or if it also considers
the video tokens. To test this hypothesis, we use the X-
VARS prediction obtained in the previous section, and we
compare it to the CLIPs prediction provided as input. Inter-
estingly, X-VARS did not simply replicate the CLIP predic-
tion as it only agreed on 76% of the cases. This result shows
that X-VARS, throughout its training, developed the ability
to re-evaluate the multi-task predictions and understand that
they are not always reliable. Consequently, X-VARS does
not only rely on the text predictions for its answers but also
incorporates information from the video tokens.

CLIPs classification predictions vs. no text predictions.
To validate our new training paradigm, we compared the
quality of our X-VARS trained with classification prediction
as additional text input against training it only with video
features. To compare the two models, we randomly selected
a set of 40 video clips with a uniform distribution of various
types of actions and severities. By qualitatively analyzing
the results on the selected set, both models generate similar
outcomes for most of the video clips. The main difference
occurs for less frequent types of actions and severities. For
instance, X-VARS without predictions fails to predict a sin-
gle “No foul” instance and achieves a balanced accuracy of
only 29%, while X-VARS obtains a 6% higher balanced ac-
curacy. Figure 4a shows a clip of a defender holding his op-
ponent, an underrepresented action in our dataset. X-VARS
without predictions incorrectly predicts: “No card, as the
defender pushed the attacker in the back with low intensity
during the fight for the ball, without any risk of injury”. On
the other hand, X-VARS with predictions provides an ac-
curate explanation: “No card, as the defender is holding
onto the attacker’s jersey without it being unsportsmanlike
and without any risk of injury.”. Throughout our testing,
we encountered several instances where X-VARS with pre-
diction tokens aligned more closely with the ground truth,
especially for underrepresented actions. These results show
the effectiveness of our new training paradigm in achieving
higher accuracy and more accurate explanations.

6. Conclusion
In this work, we investigated the potential of using LLMs

to enhance transparency and explainability within decision-
making processes. We proposed X-VARS, a multi-modal
language model, which can perform a multitude of tasks,
including video description, question answering, video ac-
tion recognition, and conducting meaningful conversations
based on video content. X-VARS achieves state-of-the-art
performance in determining whether a duel between players
constitutes a foul and in assessing the corresponding sever-
ity. The qualitative results and human study underscore the
exceptional capabilities of X-VARS in explaining its deci-
sion, indicating its potential to enhance football refereeing
by providing accurate decisions and explanations.
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