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Abstract

Radiance field reconstruction aims to recover high-quality
3D representations from multi-view RGB images. Recent
advances, such as 3D Gaussian splatting, enable real-time
rendering with high visual fidelity on sufficiently power-
ful graphics hardware. However, efficient online transmis-
sion and rendering across diverse platforms requires drastic
model simplification, reducing the number of primitives by
several orders of magnitude. We introduce DiffSoup, a radi-
ance field representation that employs a soup (i.e., a highly
unstructured set) of a small number of triangles with neu-
ral textures and binary opacity. We show that this binary
opacity representation is directly differentiable via stochas-
tic opacity masking, enabling stable training without a mol-
lifier (i.e., smooth rasterization). DiffSoup can be raster-
ized using standard depth testing, enabling seamless inte-
gration into traditional graphics pipelines and interactive
rendering on consumer-grade laptops and mobile devices.
Code is available at https://github.com/kenji-—
tojo/diffsoup.

1. Introduction

Realistic and efficient 3D representations are essential for
a wide range of vision and graphics applications, includ-
ing virtual and augmented reality, digital content creation,
and robotic perception. However, it remains challenging to
represent complex real-world objects such as foliage, cloth-
ing, hair, or architectural details across diverse platforms,
including mobile and VR devices. Typically, the number
of geometric primitives (e.g., triangles) is tightly limited for
interactive rendering and smooth data transfer.

Neural radiance fields (NeRFs) [36] have demonstrated
high-fidelity 3D reconstruction from multi-view RGB im-
ages via differentiable volume rendering [22]. More re-
cently, 3D Gaussian Splatting (3DGS) [24] models the ra-
diance field as point-based primitives, enabling real-time
rendering and flexible scene editing given sufficiently pow-
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Figure 1. (a) Given multi-view RGB images, (b) we reconstruct a
simplified radiance field as a textured triangle soup using differen-
tiable rasterization. (c) The resulting scene can be rendered within
a standard depth-tested rasterization pipeline, enabling seamless
visualization across devices—including a high-end desktop with a
dedicated GPU, a consumer-grade laptop (MacBook Pro with an
M3 Pro chip), and even a smartphone (iPhone 15).

erful graphics hardware. Although these approaches—and
many subsequent variants—achieve remarkable view syn-
thesis results, they typically rely on an enormous number of
primitives, often orders of magnitude more than the number
feasible on restricted platforms and devices.

Traditional graphics pipelines are highly optimized for
rendering opaque triangles with texture maps. However,
opaque triangles introduce difficulties in training: unlike
volumetric primitives, they fully occlude surfaces behind
them and produce discontinuous color transitions at sil-
houettes, both of which impede smooth gradient propaga-
tion. Consequently, differentiable rasterization methods for
opaque triangles [28, 41] are still not widely adopted in ra-
diance field reconstruction pipelines.

In this paper, we address the challenging problem of ex-
treme model simplification [8] for radiance field—based view
synthesis. Our goal is to reconstruct a 3D scene from multi-
view RGB images using a small unstructured collection (or
soup) of opaque triangles equipped with compact neural
textures that have binary opacity. The resulting representa-
tion seamlessly integrates into traditional real-time render-



ing pipelines while preserving the optimization robustness
and reconstruction fidelity typically associated with volu-
metric approaches.

To achieve this, we introduce DiffSoup, a differentiable
rasterization method for directly learning an opaque triangle
soup. Unlike previous approaches, DiffSoup does not rely
on a molifier (i.e., smoothed rasterization) during optimiza-
tion, which often suppresses high-frequency appearance de-
tails or requires careful scheduling of blur strength [17, 32].
Instead, inspired by recent work on implicit surface recon-
struction [62], we differentiate opaque triangle rasterization
using stochastic opacity masking, which yields robust gra-
dient signals under severe occlusion while producing the ex-
act pixel color. To support this, DiffSoup further extends
the silhouette-differentiation method of [41] to handle the
implicit discontinuities introduced by opacity masking.

In summary, our contributions are as follows.

We introduce the extreme radiance field simplification
problem, aiming to represent a 3D scene using an unstruc-
tured soup of a small number of textured triangles.

We present DiffSoup, a method for directly differentiating
opaque triangle rasterization via stochastic opacity mask-
ing, yielding robust gradients even under severe occlusion
and frequent visibility discontinuities.

We demonstrate that DiffSoup reconstructs high-
fidelity scenes using typically fewer than 20,000
triangles—where existing methods rely on millions of
primitives—producing more detail-preserving novel
views than baselines, while running interactively on
consumer-grade laptops and mobile phones (Figure 1).

2. Related Work

Differentiable rendering A large body of work recon-
structs 3D scenes from images via differentiable render-
ing (see survey [23]). These methods optimize geome-
try, texture, and material parameters using gradients from
rasterization [15, 28, 32, 33, 42], light transport simula-
tion [29, 34, 39, 61], implicit surface rendering [1, 30, 35,
47, 48, 57, 62], multi-layer transparency models [10, 15],
point splatting [24, 58], and more. Our work focuses
on opaque triangle rasterization with a single depth-tested
layer, the dominant rendering method in real-time applica-
tions such as games, VR/AR, and mobile graphics.

Differentiable triangle rasterization Computing gradi-
ents for opaque, depth-tested rasterization is challenging
due to occlusion and the discontinuities that arise at ob-
ject silhouettes. Soft-rasterization methods introduce cus-
tomized edge smoothing to enforce differentiability [17,
19, 32], while other approaches derive gradients directly
from anti-aliasing formulations to preserve sharp silhou-
ettes [0, 28, 33, 41]. Although these “blur-free” methods
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better preserve high-frequency appearance details, their gra-
dients are often unstable and non-smooth, leading to sub-
optimal reconstruction [38]. To address this, we draw in-
spiration from the stochastic surface interpretation devel-
oped for implicit surface reconstruction [62] and inverse
light transport [61]. Specifically, we extend differentiable
rasterizers [28, 41] with stochastic opacity masking, which
yields robust gradients for optimizing binary opacity under
occlusion while still differentiating the exact pixel colors
produced by opaque rasterization.

Neural radiance fields Radiance-field reconstruction
methods such as NeRF and its extensions [2, 3, 11, 36,
37, 50] recover high-quality 3D representations from multi-
view RGB images. Despite their strong view-synthesis
quality, integrating these representations into traditional
real-time rendering pipelines remains difficult due to costly
volumetric ray marching [22]. MobileNeRF [7] converts a
radiance field into a mesh-based representation but does not
directly differentiate the final opaque mesh, relying instead
on NeRF optimization as a separate intermediate stage. This
limits control over polygon count and final geometry, of-
ten producing excessive triangles and losing high-frequency
appearance details. In contrast, we extend direct differen-
tiable rasterization for polygonal asset creation [15, 28, 41]
to radiance-field reconstruction, enabling significantly more
compact, detail-preserving results with shorter training.

3D Gaussian splatting The 3DGS method uses explicit
3D Gaussian primitives for real-time radiance-field render-
ing [24]. To capture more accurate geometry and sharper
details, follow-up works explore alternative primitives such
as 2D Gaussians [20], convex hulls [18], triangles [17],
and textured 2D [43, 44, 52, 55, 56] or 3D [5, 56] primi-
tives. However, these approaches often rely on excessive
primitive counts or introduce custom translucency, both of
which limit practicality on consumer-grade devices such
as laptops, mobile phones, and VR headsets. Concurrent
work [19] proposes a scheduling scheme for the smoothing
function in triangle rasterization and shows that scenes can
converge to opaque triangles. Their method, however, does
not optimize sub-triangle appearance using opacity and tex-
ture, and therefore requires many triangles to represent fine
details. In contrast, we directly optimize an opaque triangle
soup with a neural texture carrying binary opacity, enabling
high-frequency details with a drastically smaller number of
primitives. StochasticSplats [26] applies a stochastic dif-
ferentiation strategy to optimize the translucent appearance
of 3DGS using multiple random samples; we instead target
the fully opaque appearance of triangle rasterization using a
single depth-tested stochastic rasterization.
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Figure 2. Overview of our algorithm. (a) We represent radiance fields as a textured triangle soup, where barycentric coordinates map
to learnable color and alpha textures. (b) At run time, this representation is rendered with binary opacity, enabling efficient rasterization
via standard depth testing. (c) Rasterization produces a high-dimensional color-feature image, which is then mapped to RGB values
using a small shared MLP trained to minimize the error between the rendering and the ground-truth image. (d) During training, we
initialize triangles around structure-from-motion (SfM) keypoints. (e) We optimize opacity through stochastic opacity masking, while
vertex positions are updated using edge gradients for opaque triangles.
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3. Method Given this information, the pixel color C is computed as
Given multi-view RGB images, DiffSoup reconstructs a tri- C= th* (bys ), ()
angle soup augmented with neural textures and binary opac-

ity. We first outline the necessary background and then de- where f* = argminy Dy is the index of the foremost frag-
scribe our differentiable rasterizer, along with the proposed ment. Hereafter, we write C and a as shorthands for C;,
stochastic opacity masking approach. An overview of our and oy, respectively, to simplify notation.

algorithm is shown in Figure 2. In practical real-time rendering systems such as games,

sub-triangle geometric detail is commonly represented us-

3.1. Preliminary ing binary opacity stored in a texture. This modifies the

Triangle soup representation To represent a radiance selection of the foremost fragment by discarding the frag-
field, we use triangles 7 = {Tt}IT\ together with per- ments whose opacity falls below a threshold:

triangle texture‘ 7fllmctions for color C = {Ct}t:1 and opac- = argmin Dy 3)
ity A = {au};_;. Each triangle T, consists of three ver- fe{f;a(by) > 0.5}

tices vi,Vva, vz € R3. Given an appropriate parameteri-
zation, the color texture C; maps barycentric coordinates
b € R? to the color C;(b) at the corresponding point on
the triangle, while opacity is defined by a scalar function
a(b) € ]0,1].

This enables fine sub-triangle detail using a small number
of flat primitives, without adding complexity beyond depth-
tested rendering, such as the explicit primitive sorting used
in 3DGS [24].

Stochastic surface and radiance field loss Although for-
ward rendering with opaque rasterization and binary opac-
ity is highly efficient, directly optimizing such representa-
tions remains difficult because occlusion and visibility tran-
sitions are discontinuous. Prior work [7] employs a straight-
through estimator [4] to approximate gradients with respect
to binarized opacity values during NeRF training. However,
this strategy exhibits instability in geometry optimization
and requires an additional pre-training stage using a stan-

Depth-tested rasterization with binary opacity Unlike
previous approaches that rely on translucent primitives,
DiffSoup employs opaque triangle rasterization with bi-
nary opacity, enabling seamless integration into traditional
graphics pipelines. Given triangles transformed into camera
space, we perform standard rasterization to produce an ar-
ray of fragments 7 = {f f}"f}—l, defined for each individual
pixel. Fragments are generated for all triangles intersecting

the pixel and encode the pixel-center sample as dard NeRF.
fr = (by, Dy tf) (1) Recent work has introduced an important advancement
for implicit surface reconstruction [35, 61, 62]. In particu-
where by denotes the barycentric coordinates, Dy is the lar, Zhang et al. [62] interpret every point in space as an in-
fragment depth, and  is the corresponding triangle index. finitesimal opaque surface occurring with probability equal
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to that point’s opacity. This stochastic surface interpretation
leads to a modified NeRF training loss:

Loum = Z w; El(Cl), where w; = @; «;. @

Here, C; and «; denote the color and alpha values at the
i-th sample point along the ray in depth-sorted order, and
a; = H;;ll( 1 — «;) is the cumulative transmittance. No-
tably, they evaluate the pixel-wise L1 loss £ at the sampled
points with weights proportional to the volumetric blending
weights, rather than computing £; on the final blended pixel
color as in standard NeRFs. They show that this simple, the-
oretically grounded loss converges to binary opacity and ex-
actly reproduces pixel colors in opaque rendering, without
heuristics such as smoothness scheduling or pre-training.

However, their method seeks a potential surface via sam-
pling in continuous space, which is incompatible with the
inherently discrete rasterization pipeline, where fragments
arise from explicit primitives and depth sorting introduces
substantial complexity. Moreover, their formulation omits
gradients with respect to the motion of explicit primitives;
as a result, when applied within a triangle-based rasteriza-
tion pipeline, it yields markedly suboptimal geometry.

3.2. The DiffSoup differentiable rasterizer

Our goal is to inversely optimize the previously introduced
triangle-soup representation via depth-tested rasterization,
given ground-truth multi-view RGB images. To this end,
we build on differentiable rasterization methods for opaque
triangles [28, 41], which derive gradients by differenti-
ating an anti-aliasing model. While these methods pro-
vide a solid foundation for differentiating visibility dis-
continuities while preserving sharp edges, they struggle to
optimize binary opacity and to handle implicit visibility
discontinuities—those not associated with explicit triangle
edges—introduced by opacity masking.

Stochastic opacity masking To derive a differentiable
optimization method, we extend the stochastic surface ap-
proach [62] to our differentiable triangle rasterizer. How-
ever, a standard object-order rasterizer does not produce
depth-sorted fragments per pixel, so the radiance field
loss (4) cannot be directly evaluated. We therefore intro-
duce stochastic opacity masking, a principled mechanism
that realizes the stochastic surface process entirely within a
conventional depth-tested rasterization pipeline.

The key idea is to simulate the stochastic surface as a
discrete stochastic process during fragment generation (Fig-
ure 3). Algorithmically, DiffSoup achieves this by introduc-
ing stochastic opacity thresholds into (3) as
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Figure 3. (a) Alpha blending computes cumulative transmit-
tance over depth-sorted samples and produces the final color as a
weighted average. (b) Our stochastic opacity masking, in contrast,
simulates a discrete stochastic process over the surface, allowing
the renderer to output the exact color of the selected fragment.

where 7 = (71, ..., 7)7) are real numbers sampled in-
dependently and uniformly for each fragment in the range
[0,1]. This selects a single visible surface point for the
pixel, and the resulting color is C, = C sx(bgx). Note
that the arg min in (5) can be efficiently computed using
the z-buffer method without depth sorting the fragments.

The crucial observation is that stochastic masking makes
the pixel color a random variable: high-opacity fragments
are more likely to pass the threshold and become visible,
though even the most plausible surface may be skipped with
a small probability. Consequently, (5) can be interpreted as
drawing a single pixel color from the probability distribu-
tion induced by the stochastic surface. Specifically, for a
scene parameter f, we can show that the probability that
fragment f is selected as the foremost surface is identical to
the weight in (4) as

p(f; 9) = Wy, (6)

whereas our computation does not require sorting fragments
by depth. With this identity, the radiance field loss (4) is
computed as the expected value of the pixel-wise loss:

£exp = Lp(f;0) [[’I(C)L

as estimated by our stochastic opacity masking.

Notably, viewing the rasterization as a discrete stochastic
process enables unbiased estimation of the gradient of Ly,
using the DiffSoup rasterizer as a sampler. Specifically, we
apply the likelihood-ratio gradient identity [14, 53]:

(7

00 Ep(10)[L1(C)] = Ep(1,0)[06L1(C)]
+ Ep(1:0)[£1(C) 9p log p(f3 )],
where 0y denotes the partial derivative with respect to the
scene parameter . The first term is the standard loss gradi-

®)



ent for the exact color of the sampled fragment. The second
term propagates gradients with respect to opacity, where the
score term Oy log p(f; 0) is weighted by the pixel-wise color
loss. For a fragment f’, this score term reduces to the partial
derivative with respect to its opacity:

1/Oéf, fl:fa
-1/(1 —ay), Dy <Dy,

logp(f;0) = { )

0
Jda £
and no gradient is produced for fragments with Dy > Dy.
Crucially, the opacity gradient for each fragment f” depends
only on the sampled pixel fragment f and the fragment it-
self, yielding an efficient, sort-free gradient estimator that
operates entirely within the depth-tested rasterizer (pseu-
docode in the supplementary material).

Handling visibility discontinuities Stochastic opacity
masking yields gradients for binary opacity but not for the
motion of explicit primitives. The approach of [62], which
relies on dense spatial sampling for implicit fields, is incom-
patible with our primitive-based setting. To obtain motion
gradients, we extend the edge-gradient formulation of dif-
ferentiable rasterization [41]. Conventional edge gradients
detect visibility boundaries by examining changes in trian-
gle IDs between neighboring pixels. In DiffSoup, however,
stochastic opacity masking introduces intra-triangle visibil-
ity discontinuities that do not alter triangle IDs and there-
fore remain undetected. To handle these internal discon-
tinuities, we evaluate the rasterized edge-gradient expres-
sion for all horizontally and vertically adjacent pixel pairs in
the stochastic intermediate image when computing the color
loss. This naturally generalizes edge gradients to implicit,
opacity-induced boundaries. Averaged over training itera-
tions, this procedure produces stable and meaningful mo-
tion gradients that align with the effective sub-triangle sil-
houettes emerging from converged binary opacity, enabling
accurate optimization of triangle geometry and placement.

3.3. Parameterization

Learnable multi-resolution triangle texture A straight-
forward way to represent per-triangle textures C; and oy
is to map the triangle soup onto a 2D texture atlas and store
texture values directly in image space. However, such an at-
las may place unrelated triangles adjacent in texture space,
which interferes with the use of multi-resolution parameter-
izations that have proven highly effective in gradient-based
optimization, such as multi-level 3D grids [37, 45] and tex-
ture mip-mapping [28, 51]. To avoid these issues and to
fully leverage multi-resolution optimization, we adapt these
parameterizations to operate directly on our triangle soup.
Specifically, we extend the “mesh color” approach [59,
60] for atlas-free texturing to support learnable feature vec-
tors. At each resolution level R, we place learnable features

e 8 dim learnable feature R
(1 dim for alpha + 7 dim for the color feature vector)

R=1 R=2 R=3 R=Ry

Barycentric
v

ax

i‘o interpolation

Texture memory
look-up

R=1 R=2 R=3-
(b) Training-time interpolation

Rmax
(a) Run-time interpolation

Figure 4. Multi-resolution triangle texture. Top: We parameter-
ize the texture using multiple grid resolutions, corresponding to
different triangle subdivision levels. Bottom: (a) At run time, the
renderer queries only the highest-resolution triangle texture. (b) At
training time, this highest-resolution texture is over-parameterized
with lower-resolution grids to improve optimization stability.

at the vertices of a recursively subdivided triangle grid: the
base level R = 0 corresponds to the original triangle ver-
tices, and each subsequent level R refines the previous one,
yielding (2871 + 1)(2% + 1) feature vertices (Figure 4).
These multi-resolution per-triangle features are queried via
barycentric interpolation within the micro-triangle contain-
ing the evaluation point.

To enable a multi-resolution representation of the texture
at target level R, .x, we maintain learnable feature grids for
Ruin, - -+ Rmax—1. All lower-resolution grids are queried
and accumulated on the finest grid before rendering, yield-
ing an overparameterized high-resolution texture field, sim-
ilar in spirit to [51] but applied to a triangular grid rather
than a texture image. A sigmoid activation is applied to con-
strain the resulting features to [0, 1] prior to rasterization.
This strategy preserves the benefits of multi-resolution op-
timization while avoiding multiple per-level texture lookups
during rendering. After training, only the finest-resolution
texture (after sigmoid activation) is retained and stored as
8-bit PNG images.

Neural deferred shading To model view-dependent ap-
pearance without increasing texture storage or relying on
high-order bases (e.g., spherical harmonics), we employ
neural deferred shading [46, 54] within our binary-opacity
rasterization framework. Rather than storing RGB values
directly, each triangle carries an Nie,¢-dimensional learn-
able feature vector in its color texture, which is rasterized
to yield per-pixel feature maps. A lightweight shared MLP
is then applied per pixel, taking as input the concatenation
of the rasterized feature vector and the viewing direction,
and producing the final shaded color. Opacity, on the con-
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Figure 5. Qualitative results on the MipNeRF360 [3] dataset. (Left to right) Ground-truth test images; views synthesized by 3DGS [24],
Triangle Splatting [17], TexGS [5], our method; and a visualization of our reconstructed triangle geometry. Rows correspond to different

scenes, and all models use 15K primitives.

trary, is stored as a scalar texture and kept outside the neural
network. This separation reflects its view-independent na-
ture and ensures efficient access during stochastic opacity
masking, where opacity must be evaluated for all fragments,
while only the “winning” fragment’s color participates in
differentiation. We use Nty = 7, allowing all features and
opacity to fit in two 8-bit RGBA textures after training.

3.4. Optimization

Loss function To optimize our triangle soup representa-
tion, we minimize a photometric objective,

ALi+ (1 —X) Lssim, (10

where Lggry denotes the structural similarity term [49]. We
set A = 0.8 following 3DGS [24]. The loss is evaluated on
the stochastic rendering, analogous to (7).

Initialization and training details To better capture
high-frequency details through texture, we sample two-
thirds of the target points using farthest point sampling
(FPS) [9] on the SfM points and draw the remaining one-
third uniformly at random. We then randomly initialize
triangles around these sampled points with a radius set to
one quarter of the average nearest-neighbor distance. We
use VectorAdam [31] for optimizing vertex positions and
Adam [27] for all other parameters. Training is run for
10,000 iterations. Additional hyperparameters are provided
in the supplementary material. We compute gradients for
four views in parallel at each optimization step.

Coarse-to-fine optimization We find that coarse-to-fine
texture optimization improves the convergence of both ge-
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Table 1. Quantitative evaluation on the MipNeRF360 [3] dataset.
For PSNR, SSIM, and LPIPS, we report scene-level averages. The
number of primitives is strictly enforced for all methods.

Method PSNR1 SSIM1 LPIPS| #Prims

3DGS [24] 23.72 0.664 0.420 15K

TS [17] 22.81 0.634 0.430 15K

TexGS [5] 24.80 0.697 0.270 15K

Ours 24.76 0.748 0.204 15K
ometry and color. Specifically, we use Ryin = Rpax = 3

(i.e., vertex features) for the first 5000 iterations, and switch
t0 Rmin = 2 and R,,.x = b for the final 5000 iterations.

Adaptive control of primitives To balance reconstruc-
tion fidelity with a compact primitive budget, we introduce
an adaptive mechanism for dynamically adjusting the tri-
angle set. To avoid overly large primitives that compro-
mise high-frequency detail, we periodically subdivide edges
whose view-space length exceeds a prescribed fraction of
the image height (1/5 in our experiments). This encour-
ages approximately uniform view-space edge lengths and
improves the effective use of texture resolution. Conversely,
we enforce the target primitive count by pruning triangles
with low pixel coverage across the training views until the
desired budget is met. In practice, edge splitting and trian-
gle removal are performed every 100 iterations. For edge
splitting, view-space edge lengths are computed on a ran-
domly sampled subset of 20 training views, as evaluating
all views would introduce significant overhead.
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Figure 6. Qualitative results on synthetic scenes. (Left to right) Ground-truth views; view-synthesis results from MobileNeRF; a mesh
decimated from the MobileNeRF output using QEM [12]; our results optimized from random initialization; and our results initialized from
the MobileNeRF-decimated mesh.

Table 2. Comparison with MobileNeRF [7] on synthetic scenes from the NeRF-Synthetic [36] and Shelly [50] datasets. We report PSNR
for each scene. The face count for MobileNeRF is averaged across scenes, whereas all other methods use exactly 15K faces.

Method NeRF-Synthetic [36] (PSNR 1) Shelly [50] (PSNR 1)
SHIP CHAIR MIC DRUMS #Faces| KHADY KITTEN PUG # Faces |
MobileNeRF [7] 26.06 31.02 29.18 23.82 159K 26.22 30.05 29.98 275K
MobileNeRF + QEM [12] 8.44 16.34  17.35 13.35 15K 11.21 14.42 11.25 15K
Ours w/ QEM initialization 26.68 32.11 30.18 23.94 15K 26.55 31.23 30.51 15K
Ours w/ random initialization ~ 25.29  31.71  29.64  23.47 15K 26.67 30.68 30.16 15K
4. Experiments to control the primitive count, but representing complex
scenes without texture in this low-poly regime remains fun-
Real-world flataset W? e.valuate our metho.d on HOV.GI' damentally challenging. TexturedGaussians [5] (TexGS) in-
view synthesis from multi-view RGB 1nputs using the Mip- troduces texture fields to encode high-frequency appearance
NeRF360 dataset [3]. We compare against state-of-the-art without increasing the primitive count. While TexGS sig-
primitive-based radiance-field reconstruction approaches. nificantly enhances detail reconstruction under constrained

As shown in the qualitative results in Figure 5, 3DGS [24] budgets, it still struggles to reproduce crisp, well-defined

is not well suited for low primitive budgets (e.g., 15K) and boundaries.

struggles to capture fine details and sharp boundaries. Be-

cause the method provides no explicit mechanism for con- In contrast, our stochastic opacity masking drives prim-

trolling the final primitive count, we enforced a fixed budget itive opacities toward binary values, enabling the re-

by sub-sampling the initial SfM points and disabling adap- construction of the sharpest boundaries and the most

tive densification. detail-preserving view-synthesis results among all methods.
TriangleSplatting [17] (TS) employs triangular primi- These observations are further corroborated by the quanti-

tives with a Markov chain Monte Carlo formulation [25] tative metrics in Table 1.
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Rendering efficiency Beyond reducing primitive count,
our approach enables hardware-accelerated rasterization
by eliminating the transparency handling and depth sort-
ing required in prior work. Table 3 reports average
rendering cost on an NVIDIA RTX 4090. Although
3DGS benefits from a highly optimized CUDA renderer,
our hardware-accelerated triangle rasterization achieves an
order-of-magnitude speedup, despite incorporating addi-
tional texture information. Moreover, by relying on stan-
dard graphics pipelines, the same shader runs on commod-
ity devices (e.g., the MacBook in Figure 1), yielding perfor-
mance competitive with CUDA-based 3DGS on a desktop
GPU. We fix primitive count across all methods, as it pri-
marily governs the depth-sorting cost that dominates ren-
dering time. For instance, TexGS uses 170x more tunable
parameters than 3DGS yet is only about 10x slower, indi-
cating that adding detail through texture is more efficient
than increasing primitive count.

Synthetic scenes We further evaluate our method on syn-
thetic scenes from the NeRF-Synthetic [36] and Shelly [50]
datasets. In this setting, we compare our approach with
MobileNeRF [7], which converts a trained NeRF [36] into
a triangle mesh with a binary opacity texture. Although
MobileNeRF can reconstruct fine structures with complex
topology, it typically produces an excessively large num-
ber of faces per object (often exceeding 150K). Adjusting
its training configuration to control the final face count is
non-trivial, as training is computationally expensive (over
6 hours in our experiments). Due to MobileNeRF’s grid-
aligned mesh topology, standard mesh simplification al-
gorithms—such as quadratic error metric (QEM) decima-
tion [12]—are ineffective at reducing the face count while
preserving detail.

Our method naturally supports such geometric simpli-
fication scenarios when a coarse geometric prior is avail-
able. For instance, as shown in Figure 6, we can uniformly
sample triangle primitives within the bounding box of the
MobileNeRF representation and iteratively prune transpar-
ent primitives to obtain a clean triangle soup. Alternatively,
we can use their low-quality decimated mesh as an initial-
ization for our optimization. In both cases, our method
achieves comparable reconstruction fidelity with a drasti-
cally reduced triangle count and significantly less time than
retraining MobileNeRF; with QEM initialization, training
took an average of 8 minutes and 40 seconds. As shown
in Table 2, our simplified radiance-field representations
achieve slightly higher PSNR scores across most scenes.

Additional results Figure 1 shows that scenes opti-
mized using our method enable real-time rendering across
diverse platforms and devices. We implement feature
lookup and opacity masking using standard vertex and frag-
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Table 3. Rendering time in the MipNeRF360 [3] experiment.
“Full” denotes the original image resolution. The number of train-
able parameters is included for reference.

FPS 1 across resolutions

Method Full 172 1/4 # Params
3DGS [24] 115 482 1.32K 88.5K
TS [17] 88.8 370 1.00K 88.5K
TexGS [5] 16.8 49.1 94.8 15.1M
Ours (CUDA) 196K 6.11K 13.7K 6.75M
Ours (laptop) 146 447 879 6.75M

(b)

Rimin = 2, Rmax =5

Ground truth Ruin = Rmax =5
Figure 7. Ablation studies. (a) Without opacity learning, triangles
are unable to represent fine sub-triangle boundaries. (b) Without
our multi-resolution texture scheme, the instability of color opti-
mization leads to noisier geometry (pink arrows). For a clearer
comparison, we disable coarse-to-fine optimization in setting (b).

ment shaders, and perform MLP evaluation as a deferred-
rendering pass in a separate shader. Figure 7 presents abla-
tion studies of our key components.

5. Conclusion

We introduced a differentiable rasterization method for re-
constructing high-fidelity 3D scenes from multi-view RGB
images. Our opaque, single-layer shading model limits
the representation of transparent objects and thin structures
(e.g., hair and fur), which are more naturally handled by
volumetric primitives. Because each pixel’s color is deter-
mined by a single primitive rather than a blend of many,
our method does not yet match state-of-the-art volumet-
ric pipelines (e.g., AdaptiveShells [50]). Closing this gap
and achieving high-quality anti-aliasing for thin structures
while retaining rendering efficiency remain important direc-
tions for future work. We believe that our stochastic opac-
ity masking not only enables cross-platform rendering and
seamless transfer of digital 3D content but also opens new
possibilities for differentiable rasterization techniques that
require gradients through inherently discrete operations.
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