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Curvature-Aware Multi-Scale Gaussian Appearance Model for Fabric
Flyaways
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Ours

Reference (EQ) 

No flyaways

Ours (64 SPP)Reference (128 SPP)No flyaways (64 SPP)

0.3 min

12 min

1.7 min

64 SPP

64 SPP

128 SPP

0.2 min

0.4 min 14.7 min 1.9 min
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Fig. 1. We propose an appearance model for fabric flyaways using 3D Gaussian primitives, with adaptive multi-scale merging of Gaussian mixtures based on
pixel footprint. The example shows a fuzzy knitted teapot, illustrating the visual impact of flyaways that are typically neglected in prior work. In far-view, the
flyaways create a faint bright silhouette, known as the sheen effect and make the overall appearance less uniform, akin to real-world fabrics. Our method
closely matches a reference rendered with explicit curve geometry, while achieving up to seven to 7.4 times faster performance on average across scales and
avoiding expensive precomputation and storage costs by using a single tile-able patch of flyaways represented as Gaussians. Please refer to the supplementary
for more evaluations.

Real-world fabrics exhibit imperfections arising from irregularities in yarn
formation, fabric stitching, and everyday wear. These imperfections cause
fine fibers to protrude from the fabric surface, producing a characteristic
“fuzzy” appearance commonly referred to as flyaways. State-of-the-art ap-
proaches model flyaways as explicit curves or a volumetric medium layered
on top of the base fabric. However, rendering such representations is com-
putationally expensive and challenging. In this paper, we introduce a multi-
scale model that represents flyaways using Gaussians stored in a tilable 3D
texture. Modeling flyaways as Gaussians enables efficient aggregation based
on the texture footprint: individual fibers are resolved in close-up views,
while distant views naturally blend into a soft, hazy silhouette. Our approach
integrates seamlessly with existing surface-based or curve-based fabric mod-
els that define the base layer. Unlike methods that generate thousands of
explicit curve primitives—leading to complex bounding volume hierarchies
and high samples-per-pixel requirements to reduce variance—our multi-
scale formulation leverages the texture footprint to adaptively determine
the number of Gaussians needed. As a result, our method achieves up to 7
to 40 times faster rendering while reducing storage requirements by up to
five orders of magnitude compared to volumetric representations, and by
over two orders of magnitude compared to explicit curve-based models, all
while providing greater artistic and procedural control over the perceived
fuzziness of fabrics.

1 Introduction
Hairy and fibrous materials are ubiquitous in the physical world
and play an important role in visual realism. They appear as fuzz
on cloth, peach fuzz on skin, body or facial hair on humans, and
fur on animals. Although these fibers are often subtle and sparsely
distributed, they strongly influence a material’s perceived softness,
thickness, and realism, particularly at grazing angles and their effect
on silhouettes. Even when individual fibers are not directly visible,
their collective presence contributes to characteristic visual phe-
nomena such as sheen, glow, and blurred outlines, making them
essential for convincing rendering across a wide range of scales and
viewing conditions.

Modeling such materials is fundamentally challenging because
they do not fit cleanly into existing rendering abstractions. Unlike
dense hair or fur, flyaway fibers are sparse, irregularly oriented,
and weakly correlated with one another. At the same time, they
cannot be treated as texture maps for textures fail to capture their
volumetric extent and silhouette interaction. As a result, fibrous
materials occupy an uncomfortable middle ground between volu-
metric representations and explicit curve-based models, inheriting
the disadvantages of both.
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Existing approaches typically resolve this tension by explicitly
modeling flyaways as curves or fibers, borrowing techniques from
hair and fur rendering. While physically accurate, such methods
are expensive to generate, memory intensive, and costly to render,
especially when high sampling rates are required to resolve thin
geometry. Moreover, explicit representations scale poorly across
viewing distances: fibers that are necessary for close-up realism
become expensive when rendered across large surfaces. Conversely,
faster alternatives using textures, shell maps, or volumetric grids
trade efficiency for accuracy, often failing to reproduce correct sil-
houettes, directional variability, or scale-dependent appearance.
At the core of this problem lies the observation that flyaway

fibers do not need to be explicitly modeled as individual curves at
all scales. What ultimately matters is not the precise geometry of
each fiber, but their aggregate geometric and optical effect within
a pixel footprint. This observation motivates a representation that
is continuous, analytically tractable, and naturally supports scale-
dependent aggregation.
In this work, we propose a multi-scale Gaussian representation

for flyaway fibers that replaces explicit curve geometry with a hier-
archy of Gaussian primitives. At the finest scale, individual fibers
are approximated by sequences of anisotropic Gaussians that closely
match their geometric and shading behavior. As the viewing distance
increases, these Gaussians are merged into coarser representations
based on the pixel footprint, preserving the correct silhouette and
appearance while dramatically reducing sampling cost. This formu-
lation enables efficient, artifact-free rendering across scales, without
resorting to discrete level-of-detail meshes or expensive volumetric
integration.
Our approach integrates with existing surface- or curve-based

fabric models, treating flyaways as an additional, lightweight layer
with its own explicit geometry and appearance, influencing as well
the perceived geometry and appearance of the underlying cloth.
By leveraging the analytic properties of Gaussians and curvature
properties of the base surface, we intersect the Gaussians against
rays bending in accordance with the surface curvature, making the
method suitable for high-quality offline rendering as well as scalable
production pipelines. In summary, our contributions are:

• A novel multi-scale representation of flyaway fibers based
on Gaussian primitives.

• An analytic merging strategy that adapts flyaway geometry
and appearance to pixel footprint.

• A precomputation-free curvature-aware inverse displace-
ment mapping strategy that enables updating the silhouettes
and generalizes to texture layers, besides Gaussians.

• A rendering formulation that preserves silhouette and sheen
effects while significantly reducing computational cost.

2 Related Work
Cloth rendering methods span surface-based, curve-based, aggre-
gated or general learned representations, trading off efficiency against
fiber-level fidelity, particularly for sparse flyaway fibers.

Curve/Volumetric FabricModels.Volumetric fabricmodels [Zhao
et al. 2012, 2014] represent fiber assemblies as heterogeneous vol-
umes, achieving high visual fidelity via micro-CT imaging but incur-
ring high memory and computational cost, particularly inefficient
for flyaway fibers that occupy large regions of empty space and
contribute only to sparse portion of these regions. Curve-based mod-
els [Khungurn et al. 2016] explicitly represent fiber level geometry
using curved cylindrical primitives, enabling accurate microscopic
detail at the cost of large storage and expensive multiple scattering
simulation. Procedural models aggregate the fibers at different lev-
els of abstraction, including ply-level [Montazeri et al. 2021, 2020]
and yarn-level [Khattar et al. 2026b; Zhu et al. 2023a], reducing
geometric complexity but remaining fundamentally curve-based,
incurring significant overhead for sparse structures such as flyaway
fibers.
Surface-Based Fabric Models. Surface-based approaches repre-
sent fabrics as as a 3D basemesh, using BRDFs [Irawan andMarschner
2012; Sadeghi et al. 2013] to model appearance efficiently, but miss-
ing fiber-level effects such as transmission, masking-shadowing,
parallax, and sheen. Recent models address several of these limita-
tions, reproducing anisotropic highlights, transmittance, parallax
and sheen either through precomputed texture maps [Zhu et al.
2024, 2023a] or texture-free implicit representations [Khattar et al.
2026a, 2025]. Despite these advances, surface-based methods can-
not model flyaway fibers that extend beyond the base surface and
therefore fail to reproduce silhouette softening or the characteristic
fuzzy halo of real fabrics.
Gaussian Representations. Flyaway fibers form sparse volumetric
structures extending beyond the base surface that are better suited
to explicit representations, which 3D Gaussian Splatting (3DGS)
[Kerbl et al. 2023] provides through fuzzy anisotropic Gaussians.
The simplicity and flexibility of 3DGS has inspired Level-of-Detail
solutions for large scale scenes [Kerbl et al. 2024; Liu et al. 2025],
ray tracing extensions [Condor et al. 2025; Moenne-Loccoz et al.
2024; Wu et al. 2025], and hair [Zakharov et al. 2024] and garments
[Rong et al. 2025]. We build on this foundation, introducing a mul-
tiscale Gaussian representation for flyaway fibers with an explicit
appearance model for fabrics and ray tracing formulation.

3 Background and Challenges
Fabrics consist of two layers: (i) a base layer defined by a repeating
tiling pattern, and (ii) flyaways, random fibers sparsely distributed
protruding from the base layer, giving the fabric a fuzzy appearance.
Recent advances in fabric rendering represent the base layer using
explicitly generated curves [Khattar et al. 2026b; Zhu et al. 2023b]
or a mesh [Jin et al. 2022; Khattar et al. 2026a, 2025; Zhu et al.
2024], where the tiling pattern is represented analytically or using
texture maps. While effective for the base layer, these approaches
produce unnaturally uniform fabrics that fail to capture flyaway
imperfections arising from material properties, stitching errors, or
wear and tear. At a geometric level, flyaways extend beyond the base
layer and alter the fabric silhouette. At a visual level, they contribute
a fuzzy appearance and, at grazing angles, produce a characteristic
glow around the silhouette known as the sheen effect (Figure 2).
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Fig. 2. Photograph of flyaway fibers in textiles. Protruding fibers alter
both the silhouette and visual appearance of fabrics, producing characteristic
fuzziness and sheen at grazing angles.

While [Zhu et al. 2024] model sheen analytically, their expression
lacks randomness and does not account for silhouette changes.

Explicitly generating flyaways as curves is geometrically straight-
forward using tools like XGen Maya [Autodesk, INC. 2019], but
rendering them is expensive due to high number of samples per
pixel (SPP) and complex ray interactions [Khungurn et al. 2016].
An alternative is to represent the flyaways as 2D or 3D textures.
2D textures require fine ray steps to avoid parallax artifacts (“wall
effect”) and cannot update the mesh silhouette, while 3D textures
could reduce artifacts at the cost of higher memory and rendering
time.

We represent flyaways as a tileable patch of Gaussian primitives
between the mesh and base layer of the fabric. This allows the num-
ber of Gaussians to vary with pixel footprint via merging, reducing
SPP requirements, while our curvature-aware inverse displacement
mapping updates the mesh silhouette without explicit displacement.
At the finest level each flyaway is represented by piecewise Gaus-
sians along its tangent; at the coarsest, the entire patch can be
represented with a single Gaussian.

4 Modeling Flyaways as Gaussians
As discussed in Section 3, our approach models flyaways as Gauss-
ian primitives that form a patch tiled across the input fabric surface,
which may consist of an entire mesh or individual curves. The pixel
footprint of the surface determines how many Gaussians are needed
to represent a flyaway patch, thereby influencing the aggregated ap-
pearance and overall visibility. This section focuses on representing
flyaways at the finest level, where the pixel footprint is smaller than
an individual flyaway. We describe how each flyaway curve can be
represented using Gaussians (Section 4.1) and how their appearance
is modeled to match that of curve-based flyaways (Section 4.2). Fi-
nally, we present our marching strategy against Gaussians, which
accounts for the changing mesh silhouette in accordance with the
local mesh curvature (Section 4.3).

4.1 Representing a Single Curve as Gaussians
A 3D curve is commonly discretized into line segments for effi-
cient rendering and processing. We represent a curve as an ordered
sequence of points, {𝑃𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖 ) ∀ 𝑖 ∈ {0 ... 𝑛 − 1}} and a
fixed radius 𝑟 . To define a stable local frame along the curve, we
associate a fixed normal direction with each point that is propa-
gated using a Rotation Minimizing Frame (RMF) [Wang et al. 2008].
Each point is therefore additionally associated with a normal vector

Flyaways using Flyaways using Flyaways using
curves Gaussians volume

Fig. 3. Normal maps for flyaways generated as curves v/s volumes
v/s Gaussians. For a small patch of flyaways, we visualize the normal maps
when flyaways are represented using curves, volumes, and Gaussians, all
with equal resolutions. The Gaussian flyaways closely match the geome-
try of the curve-based representation, demonstrating that Gaussians are
a suitable replacement for modeling flyaways. In contrast, the volumetric
representation, is generated by defining a voxel grid where with the nor-
mals are stored for voxels that lie on or inside the flyaways and requires
significantly more storage to accurately capture the thin flyaways.

®𝑛𝑖 = (𝑛𝑥𝑖 , 𝑛
𝑦

𝑖
, 𝑛𝑧

𝑖
). A single 3D Gaussian, on the other hand, is repre-

sented using the mean position, 𝜇, the degrees of rotations about
the 𝑋𝑌𝑍 -axes, 𝑒𝑥 , 𝑒𝑦, 𝑒𝑧 (Euler angles) which make up the rotation
matrix 𝑅 and the scaling factors, 𝑠𝑥 , 𝑠𝑦 , 𝑠𝑧 for the diagonal scaling
matrix 𝑆 . The analytical expression for a Gaussian is given by,

𝐺 (𝑥,𝑦, 𝑧) = 1

(2𝜋) 3
2 |Σ| 12

𝑒−
1
2 ( [𝑥,𝑦,𝑧 ] − 𝜇 )𝑇 Σ−1 ( [𝑥,𝑦,𝑧 ] − 𝜇 ) , (1)

where (𝑥,𝑦, 𝑧) is a point in 3D space and Σ = 𝑅𝑆𝑆𝑇𝑅𝑇 is the covari-
ance matrix for the Gaussian. Geometrically, a Gaussian is identified
to its one-sigma ellipsoid primitive.

To represent a constant function in 1D using a Gaussian mixture
model (GMM), the amount of overlap between neighboring Gaus-
sians must be carefully controlled. A common design principle is to
choose the spacing and variance such that the sum of neighboring
Gaussians is approximately constant at the one-sigma level. This
ensures that the reconstructed function is smooth and minimally
“bumpy”. In our formulation, the Gaussian parameters are therefore
not learned but chosen analytically based on the curve direction,
normal and radius. Therefore, each consecutive pair of curve points
𝑃𝑖 and 𝑃𝑖+1 together with their associated normals ®𝑛𝑖 and ®𝑛𝑖+1 can
be substituted with a 3D Gaussian,

𝜇 =
1
2

(
𝑃𝑖 + 𝑃𝑖+1

)
𝑠𝑥 , 𝑠𝑦, 𝑠𝑧 =

{
1
2
∥𝑃𝑖+1 − 𝑃𝑖 ∥, 𝑟𝑖 , 𝑟𝑖

}
𝑒𝑥 , 𝑒𝑦, 𝑒𝑧 =

{
0, arctan

(
−𝑛𝑧

𝑖√︃
(𝑛𝑥

𝑖
)2+(𝑛𝑦

𝑖
)2

)
, arctan

(
𝑛𝑥
𝑖

𝑛
𝑦

𝑖

) }
.

(2)

This allows us to represent a curve comprising 𝑁 points using
𝑁 − 1 Gaussians and extend it to generate a small patch of flyaways
using Gaussians. In Figure 3, we visualize a comparison between
the geometry of a small patch of flyaways generated using curves,
volumes and Gaussians under the equal storage budgets to show
that Gaussians are a suitable substitute to replace curves at the finest
level.
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4.2 Modeling the Appearance of Gaussians
Having represented each curve as a set of Gaussians and defined
an ellipsoid primitive to represent each Gaussian, we use the Bi-
directional Curve Scattering Function (BCSDF) model proposed
by Montazeri et al. [2020] to model the appearance of Gaussian
flyaways.We chose this model for its adaptability to surfaces beyond
ply curves including yarns and fabric meshes [Khattar et al. 2026a,b,
2025]. Each Gaussian undergoes both reflection and transmission
and the advantage of this appearance model is that they can be
separated into two independent terms. In Mitsuba 3 [Jakob et al.
2022], Gaussians are implemented as geometric primitives, allowing
us to explicitly compute ray intersections with the Gaussian’s entry
and exit points. Thus, similar to curves, we treat gaussians as a
surface primitive with an entry and exit point.

fy
S

fy
B

fx
S fx

B

x
y

At the entry point 𝑥 the reflected compo-
nent is a combination of specular reflection 𝑓 𝑆𝑥 ,
expressed as a rough dielectric and backward
multiple diffuse scattering, represented using
Lommel-Seeliger (LS) [Wann Jensen et al. 2023].
At the exit point 𝑦, the transmitted component is a combination
of specular transmission 𝑓 𝑆𝑦 , expressed as a rough dielectric and
forward diffuse scattering, expressed as Lambertian diffuse. The
complete appearance model is given by,

𝑓 (𝜔𝑖 , 𝜔𝑜 ) =
𝑓 𝑆𝑥 (𝜔𝑖 , 𝜔𝑜 ) + 𝑟𝑑 𝐵 LS(𝜔𝑖 , 𝜔𝑜 ) 𝑘𝐵𝑥 (𝜔𝑖 .𝜔𝑜 > 0)

𝜏 (𝑥,𝑦)
(
𝑓 𝑆𝑦 (𝜔𝑖 , 𝜔𝑜 ) + (1 − 𝑟𝑑 ) 𝐵𝜋 𝑘

𝐵
𝑦

)
(𝜔𝑖 .𝜔𝑜 < 0),

(3)

where 𝐵 is the energy assigned to the light that undergoes multiple
scattering, 𝑟𝑑 is the reflection portion of the body energy, 𝜏 (𝑥,𝑦)
is the attenuation factor for the rays traversing through the fiber
volume from 𝑥 to 𝑦 and 𝑘𝐵𝑥 and 𝑘𝐵𝑦 are the diffuse reflection and
transmission color, respectively.

4.3 Curvature-Aware Ray Marching against Gaussians
Generating Gaussian flyaways all over the fabric surface greatly
increases storage requirements and requires costly regeneration
whenever the silhouette or fuzziness changes. A tileable patch of
Gaussians is on the other hand more flexible, but requires a dis-
placement mapping strategy that supports 3D volumetric textures,
updates the mesh silhouette, and avoids precomputation.

Shell maps [Jeschke et al. 2007; Porumbescu et al. 2005] require ex-
plicit construction of a tetrahedral offset surface, reintroducing stor-
age overhead. Prism-free methods [Chen and Chang 2008; Oliveira
and Policarpo 2005] avoid explicit offset surfaces but are limited to
2D height maps and require precomputed curvature and normal
maps, both incompatible with our tileable representation. Critically,
neither supports 3D volumetric textures necessary for Gaussian
flyaways. We therefore propose a curvature-aware inverse displace-
ment mapping that requires only local mesh curvature at runtime.
Without curvature awareness, rays marching through texture space
would travel in straight lines, diverging from curved surfaces and
producing incorrect silhouettes.
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Fig. 4. Our new curvature-aware inverse displacement mapping
method. We use the local curvature of a surface patch to update the local
space, 𝑇𝑃𝑀𝑘 with every marching step enabling the ray in texture space,
𝜔𝑘
𝑙𝑜𝑐𝑎𝑙

to bend. If the ray does not intersect anything (bending away from
the surface), then we mark it as no-hit which allows updating the mesh
silhouette. State-of-the-art inverse displacement methods assume a fixed
tangent space leading to incorrect intersections and missing silhouette for
curved surfaces.

Taking inspiration from the Curvature-Aware Parallax Mapping
(CAPM) [Khattar et al. 2026a] and the quadric-based silhouette ren-
dering of Oliveira and Policarpo [Oliveira and Policarpo 2005], we
propose a curvature-aware inverse displacement mapping requiring
no precomputed curvature or normal maps. Unlike Oliveira and
Policarpo, who fix the quadric at the fragment entry point, our
key insight is to incrementally update the ray’s local frame at each
marching step using curvature coefficients derived at runtime from
theWeingarten map, causing the ray to continuously bend along the
surface and naturally enabling silhouette updates when it diverges.

When an incoming ray,𝜔𝑖 intersects the mesh at a point with posi-
tion 𝑃𝑢𝑣 and normal 𝑁𝑢𝑣 , the partial derivatives w.r.t.𝑈 and𝑉 (𝑑𝑃𝑢𝑣

𝑑𝑢
,

𝑑𝑃𝑢𝑣
𝑑𝑣

, 𝑑𝑁𝑢𝑣

𝑑𝑢
, 𝑑𝑁𝑢𝑣

𝑑𝑣
) describe how the surface normal varies with local

curvature. These derivatives form a 2D matrix known as the shape
operator (Weingarten Map) [Thorpe 1979]. The shape operator pro-
vides the curvature coefficients, 𝜅1, 𝜅2 along the directions, 𝑑𝑃𝑢𝑣

𝑑𝑢
,

𝑑𝑃𝑢𝑣
𝑑𝑣

for a local surface patch. Using these curvature coefficients, we
approximate the patch with a quadric surface, 𝑧 = 1

2 (𝜅1𝑥
2 + 𝜅2𝑦

2),
defined in the local space, 𝑇𝑃𝑀 = { 𝑑𝑃𝑢𝑣

𝑑𝑢
,

𝑑𝑃𝑢𝑣
𝑑𝑣

, 𝑁𝑢𝑣}. During ray
marching at each step 𝑘 , we offset the current position, 𝑃𝑘𝑢𝑣 by small
factors Δ𝑢 and Δ𝑣 along 𝜔

𝑇𝑃𝑀
𝑘

𝑖
. These offsets, together with the

quadric approximation, are used to compute an updated local space
𝑇𝑘+1
𝑃

into which the incident ray is transformed. Changing the local
space causes the ray to bend, this bending determines whether it
intersects the 3D Gaussian primitives or not, enabling updates to
the mesh silhouette.
Our idea is illustrated in Figure 4 and more details can be found

in Section 6.1.
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Moment Matching Our Merging Solution

Fig. 5. Comparingmomentmatchingmerging algorithm against ours.
We visualize two Gaussian flyaways, each composed of nine Gaussian ellip-
soids rendered as ellipsoid meshes, which are merged into a two Gaussians
per flyaway. Since the Gaussians do not overlap and have varying orienta-
tions, moment matching leads to variance explosion (as shown with arrows
for overlapping clusters). In contrast, our merging approach enforces tighter
bounds on the merged distribution by using the true bounds of the Gaus-
sians and avoids this issue.

5 Multi-Scale Modeling and Appearance of Gaussians
The geometry and shading model described in Section 4, is suitable
for near-field renderings when the camera is close enough that
individual flyaways are thicker than the pixel footprint. As the
camera ismoved further away, the pixel footprint increases, covering
multiple fibers or multiple patches increasing the variance of the
normals of flyaways, requiring increased samples per pixel (SPP)
impacting the total render time. To address this, we introduce amulti-
scale geometry and appearance inspired by Kerbl et al. [2024]. Unlike
this previous work, we construct the hierarchy using a bottom-
up merging strategy, combining both geometric and appearance
properties at each level, rather than refitting with a reduced budget
of Gaussians for each level.
We first describe how multiple Gaussians are decimated and

how we construct a texture pyramid similar to mip-map [Ewins
et al. 1998; Williams 1983a] (Section 5.1). During this bottom-up
aggregation, we combine geometric properties and precompute
auxiliary quantities required for appearance evaluation, such as the
area ratio between consecutive levels. At runtime, the corresponding
level of the mip-map pyramid is selected with a heuristic and the
roughness and opacity parameters of the aggregated Gaussians at
that level are updated using the precomputed auxiliary data (Section
5.2).

5.1 Gaussian Decimation
For N Gaussians with varying means and covariances, there is exten-
sive literature on merging them together [Goldberger and Roweis
2004; Jakob et al. 2011]. These merging algorithms primarily fo-
cus on minimizing the Kullback-Leibler-Divergence [Csiszár 1975]
which is well suited for when Gaussians are close i.e. when the
distance between their means is comparable to the standard devia-
tion or otherwise geometrically when the area of overlap between
the Gaussians is ≥ 50%. However, this assumption does not hold
true for Gaussian flyaways. As shown in Figure 5, classical moment-
matching methods tend to overemphasize overlap and inflate the

Gaussian flyaways at the finest level Mip-Map Gaussian 
Pyramid

Levels

0

1

2
3
4

No. of 
Gaussians

100

75

50
25
1

Fig. 6. Mip-map pyramid. We visualize a mipmap-style pyramid con-
structed for a small patch of flyaways represented by Gaussians. As the
pyramid level increases, the number of Gaussians is progressively reduced.
At the finest level, each ordered pair of points along a curve is represented
by an individual Gaussian, while at the coarsest level, a single Gaussian
represents the entire patch.

covariance, failing to preserve the tight spatial extent and orienta-
tion of individual primitives. This limitation becomes particularly
severe for strongly anisotropic Gaussians, which motivates our
design. Thus, we propose a new decimation algorithm that takes
into account the mean position, orientation and extent of all the
Gaussians that are to be combined to form a single Gaussian.

Our decimation algorithm is analogous to creating an object ori-
ented bounding box. Given a set of Gaussians to be combined, we
define the mean of the merged Gaussian as the average of their cen-
ters. Each covariance matrix is decomposed into a rotation matrix
and a scaling matrix. The rotation matrices encode the orientation of
each Gaussian, and we approximate the orientation of the merged
Gaussian by averaging these rotations. The scaling matrices are
used to compute the minimum of the lower bounds and the maxi-
mum of the upper bounds across all one-𝜎 Gaussians, which then
define the new scale of the merged primitive. Figure 5 illustrates
how our approach handles different configurations when merging
Gaussian flyaways in comparison to the classical moment-matching
algorithm. Additionally, to determine which Gaussians should be
grouped at coarser levels, we apply K-means clustering. The cluster-
ing relies on a similarity measure defined by the Euclidean distance
between Gaussian mean positions. This encourages grouping of
spatially nearby Gaussians while remaining robust to cases where
the primitives are highly anisotropic or only weakly overlapping.

More details on howGaussians aremerged can be found in Section
6.2.

5.2 Aggregated Appearance of Gaussians
Using our merging algorithm, we construct a mip-map pyramid for
a patch of Gaussians where each level reduces the Gaussian count
by approximately 10% by K-means clustering on mean positions,
from individual per-segment Gaussians at the finest level to a single
Gaussian at the coarsest (Figure 6).

Opacity and Roughness of Merged Gaussians: The Gaussian
flyaways to be merged can be oriented in different directions and do
not necessarily overlap, meaning that the resulting merged Gaussian
can contain empty regions. Thus, the opacity of themerged Gaussian
is defined as the fraction of volume occupied by the constituting
Gaussian flyaways.
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The merged Gaussian is obtained through geometric aggregation;
however, this process also affects the parameters of the appear-
ance model [Khattar et al. 2026b; Zhu et al. 2022]. While geometric
aggregation preserves the correctness of the resulting normal distri-
bution, it increases the intensity of specular highlights, requiring
adjustments to the roughness coefficients of specular components.
This behavior is expected, as aggregating multiple fibers introduces
increased directional disorder, analogous to microfacet distributions,
which manifests as higher effective surface roughness. To address
this, we adopt LEAN Mapping [Olano and Baker 2010]. Specifically,
for each clustered Gaussian, the roughness covariance matrix is
updated by incorporating the variance of the normal distributions
of all underlying Gaussians contained within the cluster, as shown
below,

Σ =

[ 1
𝑛
Σ(𝑏𝑛 .𝑥2) − (Σ𝑏𝑛 .𝑥)2 1

𝑛
Σ(𝑏𝑛 .𝑥 𝑏𝑛 .𝑦) − Σ𝑏𝑛 .𝑥 Σ𝑏𝑛 .𝑦

1
𝑛
Σ(𝑏𝑛 .𝑥 𝑏𝑛 .𝑦) − Σ𝑏𝑛 .𝑥 Σ𝑏𝑛 .𝑦

1
𝑛
Σ(𝑏𝑛 .𝑦2) − (Σ𝑏𝑛 .𝑦)2

]
,

(4)
where 𝑏𝑛 is the normal of the 𝑛𝑡ℎ Gaussian, projected to the 𝑧 = 1
plane. Finally, the updated covariance matrix is expressed as,

Σ𝑟𝑜𝑢𝑔ℎ = Σ +
[
𝛽𝑥 0
0 𝛽𝑦

]
, (5)

for a surface with roughness coefficients 𝛽𝑥 and 𝛽𝑦 .
Level Selection and Interpolation Using Ray Differentials:

Using ray differentials [Igehy 1999], we can determine the footprint
of each ray in the texture space, also known as the texture foot-
print, T . During construction of the texture pyramid, we record the
average projected area of the Gaussian kernels at each level along
the surface normal, 𝐴𝑙𝑒𝑣𝑒𝑙𝑠 [𝑖]. At render time, the appropriate mip-
map level is then selected by comparing the ray’s texture footprint
against these recorded areas, as expressed below,

𝐿 = arg max
𝑖

(
log(T ) − log(𝐴𝑙𝑒𝑣𝑒𝑙𝑠 [𝑖])

)
. (6)

To avoid texture popping [Heckbert 2007; Williams 1983b] and
the cost of runtime Gaussian merging, we independently shade two
adjacent mip-map levels and linearly blend the resulting outputs,
rather than interpolating between the Gaussian representations
themselves.

6 Implementation Details
Our proposed method is implemented as a custom BSDF plugin in
Mitsuba 3 [Jakob et al. 2022] and we additionally update the Path
Replay Backpropagation Integrator to account for the change in
mesh silhouette.

6.1 Curvature-Aware Inverse Displacement Mapping
Our inverse displacement mapping approach requires no additional
input texture maps or updates to the mesh geometry to estimate
the coefficients of the quadric for the local surface patch.
The individual steps for our approach are summarized in Algo-

rithm 1 and 2 in the supplementary document. We first determine
the local quadric approximation of the surface patch using the 𝑈𝑉
partials and define the initial local space using 𝑇𝑃𝑀 = { 𝑑𝑃𝑢𝑣

𝑑𝑢
, 𝑑𝑃𝑢𝑣

𝑑𝑣

and 𝑁𝑢𝑣}. Then, for a given set of Gaussians, we define a depth
function that returns the depth of a Gaussian for a given𝑈𝑉 -value.

For each step, we offset the 𝑈𝑉 values using the depth function
and and estimate the resulting change in the surface normal based
on the quadric approximation. This updated normal is then used
to redefine the local space, enabling us to bend the incoming ray
according to the local curvature. The process is repeated until the
ray intersects either the underlying texture or exits the surface. If no
intersection occurs, the ray is allowed to pass through the surface,
altering its silhouette.

In practice, the incident rays are intersected with the base surface
once and our approach takes at most a thousand steps to converge
without repeating intersections.

6.2 Merging Two Gaussians
Our merging algorithm allows creation of a tight bounding Gaussian
using themean position, 𝜇 and covariancematrix, Σ for all Gaussians
that have been selected to be merged at a coarser level.

We consider the case of merging two Gaussians. Consider𝐺1 and
𝐺2 with means and covariances, 𝜇1, 𝜇2 and Σ1, Σ2 respectively. Fol-
lowing the classical moment matching solution, the merged Gauss-
ian 𝐺 ′ can be expressed with means and covariances, 𝜇 and Σ,

𝜇 =
1
2
(𝜇1 + 𝜇2)

Σ =
1
2
(Σ1 + (𝜇1 − 𝜇) · (𝜇1 − 𝜇)𝑇 ) +

1
2
(Σ2 + (𝜇2 − 𝜇) · (𝜇2 − 𝜇)𝑇 ) .

(7)

If𝐺1 and𝐺2 do not overlap and are oriented in different directions
then new scale matrix of 𝐺 ′ will be incorrect, often referred to as
variance explosion. Our approach, on the other hand aims to decom-
pose the covariance matrices and determine the new orientation
and scaling factors for the merged Gaussian, 𝐺 ′.

The mean position of 𝐺 ′ is same as Equation 7. However, for the
new covariance matrix, we first perform eigen decomposition of
the two matrices to obtain the rotation and scaling matrices such
that Σ1 = 𝑅1 𝑆1𝑆

𝑇
1 𝑅𝑇1 and Σ2 = 𝑅2 𝑆2𝑆

𝑇
2 𝑅𝑇2 . The orientation of 𝐺 ′

can be determined by converting 𝑅1 and 𝑅2 to quaternions, 𝑞1 and
𝑞2 which can be averaged to obtain the new rotation matrix, 𝑅 from
the averaged quaternion. The scaling matrices 𝑆1 and 𝑆2 give the
1-sigma bounds for two Gaussians that can be used to determine the
new bounds for𝐺 ′ by taking the minimum of the minima and the
maximum of the maxima to get the new scaling matrix 𝑆 . Using 𝑅
and 𝑆 we can find the new covariance matrix to obtain the merged
𝐺 ′ that tightly envelops the two Gaussians completely. While we
described the merge operator for two Gaussians for illustration
purposes, it naturally extends to 𝑁 Gaussians by computing the
average of all means, averaging orientations via quaternions, and
taking the component-wise minimum and maximum of the scaling
matrices to define the merged covariance.

7 Results
In this section, we present our results for different settings. We
compare our model against state-of-the-art ray tracing methods and
real photographs. We further evaluate individual components of our
approach to demonstrate its flexibility across different scenarios. All
of our results are generated on an Intel Core i9 processor 14900K.
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We omit comparison against rasterization-based approaches [Xu
et al. 2019] as their performance and trade-offs are not directly
comparable to our ray-tracing solution.

7.1 Comparison to Flyaways as Curves and Volumes
In Figure 7, we compare our method against curved-based (used
as reference) and volume-based flyaway representation generated
along a fabric surface under environment and point lighting. For
curve-based representation, thousands of flyaways are modeled as
individual curves and for volume-based representation, the flyaways
are represented inside a voxel grid that envelops the base surface as
a participating medium. Our model relies only on a small patch of
Gaussian flyaways that are tiled over the fabric surface. This make
a direct quantitative comparison with the reference challenging, as
flyaways reproduced over the fabric surface and using a single tile
cannot be an exact match. Nevertheless, we evaluate our method’s
ability to capture appearance attributes such as sheen, fuzziness,
and fabric wear in Figure 1 and 7, and the supplementary material.
In far-view, our multi-scale model accounts for the sheen effect

along the fabric surface due to flyaways protruding outwards and in
close-up, the individual strands of flyaways become visible showcas-
ing the subtle change in silhouette. Curve-based representation also
preserve these details across varying views but their storage and
performance profile scales with the number of flyaways generated
on the surface. In Figure 7 (a) and (b) there are different number
of curves for the plain and twill weave fabrics (10000 and 30000
respectively) to show different levels of fuzziness and the varying
storage requirements and render times across the two. Volume-
based representation, maintain a similar performance and storage
constraints as the size of the voxel grid remains fixed (10003 for
the generated results). However, the random orientation and thin
structure of flyaways require high-resolution voxel grids, increas-
ing storage to several gigabytes. As shown in Figure 7(a), sparse
flyaways are often missed in the volume representation, produc-
ing a blocky, cloudy silhouette. With dense flyaways in Figure 7(b),
multiple flyaway strands collapse into single voxels without proper
aggregation, weakening the sheen. Our tile-able method addresses
these drawbacks while providing a subtle silhouette across the fabric
edge and a fuzzy appearance with strong sheen in close-ups.

7.2 Comparison to Photos and Surface-Based Models
We compare our method against a real photograph in Figure 8 to
demonstrate that representing flyaways using tile-able Gaussians
produces a sheen effect that more closely resembles real fabrics
than the surface-based approximation proposed by Zhu et al. [2024].
Furthermore, our hybrid approach is compatible with any surface-
based representation and enables silhouette updates by creating
small bumps along the fabric. In contrast, Zhu et al. [2024] pre-
serves the fabric silhouette and incurs large precomputation and
storage costs, in the order of gigabytes due to the use of Anisotropic
Spherical Gaussians (ASGs) and Summed Area Tables (SATs). Our
method, by comparison, relies only on a tile-able 3D texture of
Gaussian flyaways which requires less than one megabyte, resulting
in significantly lower overhead.

7.3 Multi-Scale Evaluation
In Figure 1 and 9, we evaluate the efficiency of our multi-scale model
by comparing it against the near-field model in Equal Samples (EQ)
and Equal Time (ET) render configurations. In far-view renderings,
our model is 2 times faster than the near-field approach to converge
to the same result. As defined in Equation 6, an appropriate level is
selected from the mipmap Gaussian pyramid, and we perform inter-
polation at the shader level (avoiding runtime Gaussian merging)
between the chosen level and the immediately finer level to pre-
vent texture popping and ensure smooth transitions with changing
views. In close-up views, the multi-scale produces the same result
as the near-field model but shading and interpolation between two
intermediate levels introduces additional overhead compared to the
near-field approach.

Please refer to the supplementary video to observe the seamless
transition across changing views.

7.4 Edit-ability
In Figure 10, we demonstrate the flexibility of our model in allowing
control over the density and depth of flyaways. Unlike state-of-
the-art methods, which require costly regeneration of curves or
volumetric representations, our approach enables density adjust-
ment by simply varying the number of repeated Gaussian flyaway
tiles in the 3D texture space. By changing the𝑈𝑉 -offsetting parame-
ter, cwe can efficiently control the depth of Gaussian flyaways while
using the same tile. Moreover, the configuration of flyaways (from
looping to sticking out) can be efficiently updated by generating a
new patch comprising only a few hundred Gaussians. This enables
our approach to significantly reduce preprocessing and render time
compared to previous approaches.

Please refer to the supplementary for details on how a single tile
is sufficient for achieving a fuzzy silhouette and appearance.

8 Discussion and Conclusion
Concavities and High Curvature. As an inverse displacement
approach, our method inherits known issues such as shearing, warp-
ing, and self-intersections that are exacerbated in regions of high
curvature or concave geometry. Integrating adaptive shell construc-
tions [Wang et al. 2023] by explicit creation of a tetrahedral shell or
adaptively updating the curvature coefficients into our framework
can address high-curvature artifacts.
Merging Strategies. The current hierarchical merging strategy
clusters Gaussians based solely on spatial proximity, which can over-
blur visually distinct features by ignoring differences in orientation,
anisotropy, or appearance. Incorporating more expressive distance
metrics that account for these factors could yield more faithful
merges while preserving efficient hierarchical evaluation.
Conclusions.We presented a multi-scale Gaussian model for fabric
flyaways stored in a tileable 3D texture, combining curvature-aware
inverse displacement mapping with a bottom-up mipmap merg-
ing scheme. The method achieves efficient rendering of silhouette
softening, fuzziness, and grazing-angle sheen across scales, while
remaining compatible with existing surface- and curve-based fabric
models and offering direct control over flyaway density and depth.
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Fig. 7. Comparison against curve-based and volume-based flyaway representations under environment and point lighting. We render two different
flyaway configurations at different zoom levels to highlight the faint change in silhouette and sheen effect (a) A plain weave fabric with small amount of fuzz
that produces a faint silhouette in far-view and tiny flyaways can be seen sticking out over the fabric silhouette in close-up. (b) A twill weave fabric with a
large amount of fuzz that adds imperfections and noticeable sheen to the fabric in both close-up and far-view renderings. Our multi-scale approach provides a
close match to state-of-the-art representations for flyaways, while addressing their limitations in regards to render times and storage requirements. NOTE:
Aggregation of flyaways into voxels leads to incorrect / missing sheen.

Reference Ours Zhu et al. [2024]

Fig. 8. Comparison of the sheen effect with a reference photograph.
We compare our hybrid model with a real photograph, where the base layer
is modeled following Khattar et al. [2025]. Our hybrid approach captures
the sheen effect more realistically, and the random tiling process introduces
natural variation in sheen intensity. In contrast, Zhu et al. [2024] model
sheen analytically, which results in a continuous and spatially uniform
sheen along the silhouette.
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