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Fig. 1: HKTex: an intrinsic, UV-free texture representation using heat kernels. Left:
A Riemannian framework constrains kernel movement to the surface, followed by
manifold-aware controllers that manage kernel shape and density. Evaluation occurs
within a differentiable ray-tracing pipeline. Right: Final physically based renders.

Abstract. 3D Gaussian Splatting has recently revolutionised novel view
synthesis as well as many other 3D vision methods and applications.
Drawing inspiration from this representation, we now rethink textures
to overcome the main issues of UV mapping while considerably lower-
ing their memory footprint. Heat Kernel Textures (HKTex) eliminate
UV unwrapping as well as their persistent issues of wasted UV space,
seams, distortions, vertex-duplication, and varying resolution. Grounded
in discrete Riemannian geometry and intrinsically defined on any man-
ifold surface discretised as a triangular mesh, HKTex uses anisotropic
heat kernels as geodesic equivalents to Gaussians. Like our kernels, also
the optimisation of their position and the adaptive densification strate-
gies were redefined to operate on the surface of the object to be tex-
tureised. Our novel representation is also fully integrated with a physi-
cally based renderer and can be optimised either from existing textures
or multi-view images. Our project page and code are available at |circle-
group.github.io/research /HeatKernel Textures!
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1 Introduction

Rendering and representation techniques have evolved exponentially over the
past decades, but the representation of objects’ appearance is still mostly an-
chored in the traditional and fundamentally flawed UV-mapping. With this rep-
resentation, points on the surface of a mesh are mapped onto image planes where
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appearance properties are stored. Not only does this cause visual artifacts like
seams, varying resolutions, and distortions, but it also incurs additional storage
costs for saving the UV-coordinates associated with every vertex of a mesh and
for duplicating vertices on seam lines. Empty UV-mapped regions further ex-
acerbate memory waste. To overcome these limitations, we advocate for a new
representation intrinsically defined on the surface of the objects and capable of
lowering the memory footprint, with the potential to benefit games, virtual and
augmented reality, and visual effects.

Multiple works have attempted to mitigate UV-related issues, most notably
through implicit neural representations [19[26] or coloured point clouds [12}}45]
46]. While promising, these approaches respectively incur considerable mem-
ory footprints, present topology-dependent structures, or require a substantial
number of primitives. More recently, 3D Gaussian Splatting (3DGS) [18] has
revolutionised novel view synthesis through a representation that tightly entan-
gles geometry and appearance. However, standard 3DGS operates entirely in
ambient Euclidean space. When applied to surface texturing, this assumption
becomes a fundamental flaw: Euclidean optimisation naturally detaches Gaus-
sians from the geometry, and the rigid 3D Gaussians themselves are incapable
of bending to conform to the underlying manifold. While recent methods [8}(14]
attempt to align Gaussians to the surface through the introduction of additional
regularisation losses, the fundamental disconnect remains.

In contrast, we introduce a truly intrinsic, geodesic representation where the
texturing primitives natively conform to the existing geometry of a mesh. In-
stead of operating in ambient 3D space, we replace Euclidean Gaussians with
anisotropic heat kernels, defining all operations directly on the manifold sur-
face. Specifically, kernel positions are updated through Riemannian geodesic
optimisation, and our adaptive density controls also respect the manifold using
the exponential map during kernel splits. To continuously and efficiently evalu-
ate kernels across the surface, we devise new techniques to parametrise kernel
anisotropies while simultaneously bridging continuous and discrete heat diffu-
sion formulations. Our formulation enables seamless integration into physically
based rendering pipelines where our textures can be differentiably ray-traced. It
is important to note that our heat kernels are not splatted, but rather dynam-
ically evaluated at ray intersections occurring during rendering. Without loss
of generality, we focus this study on albedo texture properties, thus modelling
how light reflects. We prove that Heat Kernel Textures (HKTex) can compress
existing UV textures and also be used for inverse rendering from 2D photos, thus
enabling distortion- and seam-free texture acquisition by construction.

To summarise, our main contributions are:

1. A novel intrinsic texture representation grounded in discrete Rieman-
nian geometry that efficiently represents textures without UV-mapping.

2. A Riemannian optimisation framework that strictly constrains kernel
movements and momentum to the surface of the mesh.

3. Manifold-aware density controllers specifically designed to operate along-
side physically based rendering and our continuous texture evaluation.
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4. The integration of HKTex into a differentiable PBR pipeline, enabling
distortion-free texture optimisation from multi-view images.

2 Related Work

Neural Texture Representations. To circumvent the persistent artifacts of
traditional UV-mapping, substantial effort has been directed towards coordinate-
based neural networks to represent surface appearance. Early implicit approaches
evaluated Multilayer Perceptrons (MLPs) directly on 3D Euclidean coordi-
nates |26]. To improve spatial expressiveness, subsequent methods introduced
hierarchical or multi-resolution per-vertex feature encodings that are interpo-
lated and fed into MLPs [21]. Other hybrid approaches, such as NeuTex [42],
attempted to map 3D points to an unfolded 2D space before neural evaluation.
While these methods reduce reliance on manual UV-unwrapping, they remain
fundamentally anchored in ambient 3D space or intermediate 2D mappings.
Closely related to our mathematical foundation are Intrinsic Neural Fields [19],
which bypass Euclidean coordinates by barycentrically interpolating the eigen-
vectors of the Laplace-Beltrami Operator (LBO) to condition an MLP. While
mathematically elegant, MLP-based evaluations remain computationally heavy
and lack the local, adaptive expressivity of explicit primitives.

Gaussian Splatting and Explicit Surfaces. Point-based graphics and surface
splatting have long been utilized for rendering [51], but they have seen a mas-
sive resurgence following the introduction of 3D Gaussian Splatting (3DGS) [1§].
The unprecedented speed and visual fidelity of 3DGS have inspired attempts to
adapt Gaussians to 2D domains, such as replacing image pixels with explicit 2D
Gaussians [48-50]. To apply this expressive power to 3D meshes, recent works
have attempted to bridge GS with texture mapping. However, these methods
typically regress to utilizing UV-parameterizations, either by storing Gaussians
within the UV-images of a sphere [33]| or by splatting within unfolded texture
spaces [43]. Other advanced hybrid representations, such as Neural Shell Tex-
tures [47], use 2D Gaussians to represent local geometry while storing colors
in multi-resolution hash grids [24]. Crucially, all of these GS-based approaches
either rely on explicit UV-maps or operate in ambient Euclidean space, mean-
ing their primitives cannot intrinsically bend or conform to general topological
manifolds.

Integration with Physically Based Rendering. While 3DGS was designed
for rapid rasterisation, its integration into ray-traced physically based rendering
(PBR) is an emerging frontier. Recent works have incorporated Gaussians into
PBR frameworks for phenomena like particle rendering [10], and extended them
for complex inverse rendering and relighting tasks [13}/44]. However, these ap-
proaches still rely on volumetric clouds of Euclidean primitives. Our work aligns
with this trajectory but fundamentally shifts the paradigm: rather than raster-
ising ambient Gaussians, we natively integrate intrinsic, manifold-bound heat
kernels as a continuous, differentiable texture evaluated directly at ray intersec-
tions within a PBR engine.
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3 Background & Notation

Let M = {X, F} be a manifold mesh with X € R¥*3 = [x; ...xx] " representing
the positions of the NV vertices used to discretise the continuous surface of an
object, and F € N¥'*3 the face matrix indexing how vertices are connected into
faces. We also group edges in a matrix E € NF*2, Points on the surface of M
are defined by the pair p = (f,b), where f € [1, F] index the face ff € F on
which a point lies, and b = [by, b, b,]T are its barycentric coordinates on f;.
The coordinates of p are barycentrically interpolated from the vertex coordinates
Xt,0, X1, Xg,2 of fr as: p = bP(X) = byx¢,0+byXe,1+DbyXs,2. Similarly, barycentric
interpolation can be used to interpolate any other attribute A € RV*4 defined
on the vertices of the mesh. The simultaneous barycentric interpolation over
multiple points P = {p; }3’:1, is hereafter indicated as: bF(A) = AP € RP*4,
Therefore, bF(X) = XP which we also represent as P for simplicity.

Laplace Beltrami Operators. We now briefly introduce the Laplace Beltrami
operator (LBO) in both its isotropic and anisotropic [2}|22,/40] versions. We
generally define the Laplacian as L(n, ) = —MW |5, 8), where M is the diagonal
mass matriz, whose diagonal entries are proportional to the total area of the faces
surrounding each vertex [12,35], and W (), 0) is the stiffness matriz composed
of weights:

2 sin(a;) sin(Bi;)
W= Y = M
0 else.

1 [(ékj7éki>H" o, (Enj.ni)n, , (i,
: 2 (i,7) €E,

The inner products between the edge versors are weighted by a shear matriz
H,) = RgUijanUiTijg. U,jr = [a,V,1] is the matrix containing a local
reference frame defined on a face, with nn being the normal to the surface and a, v
being the orthogonal components defined on the face —a common choice involves

using the principal curvatures and setting @ = vj; and v = ¥,,. Ry is the

rotation matrix rotating the reference frame, and D,, = diag(ﬁ, 1,1)isa3x3
diagonal matrix controlling the anisotropy. v

When n = 6 = 0 we have Hyp = 1, j i
thus (€x,€xi)m, , = észmgéM = cos(ay;) .

and (éxj,€ri)m,, = cos(f;). This reduces [ — VM

Eq. to the traditional isotropic LBO for-
mulation, which we indicate with L = L(0,0). "
For 1,60 # 0 we have the anisotropic LBO
(ALBO), which we indicate as Ly, 9 = L(n, §). i

The generalised eigendecomposition of the LBO can be written as W® =
M®A, where ® € RV*K = [¢;...¢x]  represents the first K eigenvectors
defined at the vertices of the mesh, and A = diag(\1,..., k) is the diagonal
matrix containing the eigenvalues. The eigendecomposition of the ALBO follows
the same procedure to determine the 1- and §-dependent ®,, ¢ and A, .
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Heat Diffusion and Kernels. The heat diffusion process over a mesh is math-
ematically described as: L u(x;,t) = %, where the vertex-valued scalar
function u : M x Rt — R represents how an initial heat distribution over M
evolves for times t > 0. Indicating with u the vector obtained by evaluating

u(x;, t) for all vertices, the solution of the heat equation has the form [9}12/34,37]:

u; = e Puy ~ Be BT Mu, (2)

When the initial distribution is a delta function, u(x;,0) = d(x;) = dx,, Eq.
is referred to as heat kernel and it represents how the heat generated by a single
point source diffuses over the surface. In Euclidean space, it has the explicit
expression of a Gaussian [36|. Note that while it is possible to simulate the
diffusion by solving a sparse linear system, the spectral approach we adopt proved
to be one order of magnitude faster and to scale to high-resolution meshes [34].

4 Heat Kernel Textures

We now detail our HKTex model, which uses arbitrarily positioned heat kernels
to intrinsically represent textures directly on the surface of manifold meshes.

Kernel parameters. We define our HKTex as a collection of S optimisable
heat kernels, K = {k;}>_,. Each kernel is parametrised as k = (p*, 0,n,7,53, c),
7 where p* is the position of the heat source,
0 and 7 are the angle and anisotropy control-
ling the diffusion process, 7 is the threshold
/ \ controlling the scale of the kernel, < is the pa-
rameter controlling the sharpness of its bor-
; der, and c is the RGB colour. The parameters
of all IC are jointly optimised.

Normalised heat kernels. In Sec. [3] we have introduced the discrete formula-
tion of heat kernels and diffusion. While this is the gold standard on 3D meshes,
we seek to break free from the mesh discretisation and represent textures beyond
vertices. We thus leverage the continuous manifold formulation of heat kernels
and define how to transform discrete quantities into continuous ones. Anisotrop-
ically heat diffusing a Dirac delta function centred in p* for a time ¢, we have
the truncated continuous anisotropic heat kernel:

hi(p,p*| 0,1) = Z e~ o1 p) o (p*) m*, (3)
k=1

where p is any arbitrary point on the surface of M, /\Z’g is the k-th eigenvalue
with its corresponding eigenfunction <pk’0 evaluated at p or p*, and m* is the
mass at the source.

Since the physical heat diffusion process conserves energy, as heat spreads,
the source temperature decreases. Therefore, the size and shape of kernels would
affect their overall temperature. To stabilise optimisation and make filtering
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predictable, we guarantee a maximum temperature of 1.0 at the kernel centre
by normalising with respect to the post-diffusion source temperature:

- . he(p,p* | 0,n
ht(p|p797n):htt((lf‘p*||977)). (4)

Biharmonic distance weighting. Heat kernels have a global support across
the entire surface of the object. While they should decay with distance from
the heat source, since we adopt a spectral truncation to the K most significant
frequencies, the kernels suffer from a Gibbs-like phenomenon [30,/31] producing
spectral ringing artifacts in distant regions (see supplementary materials). To
suppress these unwanted artifacts and enforce local support, we introduce a Bi-
harmonic distance Gaussian weighting that dampens the contributions of distant
kernels. We compute the Biharmonic distance |20] using isotropic eigenproper-

ties: dpu(p,p*)? = Zszl W. Then, we weight our normalised
k
kernels: de( 2
7 * I * BH\D, p*
(o] %0) = hulp . 0,0) - exp (- 2L, )
OBH

Kernel filtering. h, (p| p% 0,7n) produces a Gaussian-like geodesic kernel, with
values in [0,1], that gradually fades from the source location. Instead of opti-
mising the diffusion time to scale the kernel, we fix ¢t and modulate kernel scale
(1) and sharpness () via a rescaled soft-step filtering function:

g(ilt(p| p*7 97 77)) - 5(0)
£(1) — £(0) ’

where o(-) is a sigmoid function. This filtering preserves the [0, 1] value range
and provides more control over the kernel appearance, which can now be easily
scaled down to point-sized dimensions while controlling the rate of signal decay.
A filtered kernel can now either preserve its characteristic fading appearance or
transform into a crisp geodesic ellipsoid defined on the surface of the mesh.

alp| p50,n,7,¢) = with £(z) = g(g- (a:—T)), (6)

Colour formation. For a given kernel k; € K, we denote its evaluated spa-
tial footprint as as(p) = a(p | pk,0s,1s, Ts,Ss). To determine the final texture
colour C'(p) at a surface point p, we need to aggregate the contributions of all
kernels. Inspired by [49], we select the K. top-contributing kernels to p. In our
formulation, this can be achieved by dynamically identifying the kernels with
the highest a;(p). The local texture is then computed via an alpha-weighted
partition of unity over these selected kernels (K(p) C K), which is added as a
residual to an optimisable global base colour cpge:

ZSG/C(p) as(p) Cs
Zsezc(p) as(p)

C(p) = Chase + ) (7>
This colour formation paradigm guarantees a controlled blending between locally
overlapping kernels, while empty regions seamlessly default to the underlying
base colour.
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4.1 Parametric Interpolation of the Spectral Bases

Interpolation of ALBO eigenproperties. Evaluating the continuous
anisotropic heat kernel in Eq. requires the spectral properties associated
with a kernel’s specific shape parameters (7, 6). Since constructing and eigende-
composing a unique ALBO for every kernel during an optimisation pipeline is
computationally prohibitive, we devise a simplified and easily differentiable al-
ternative. We thus discretise the parameter space of angles and anisotropies into
a half-polar-like grid, where anisotropies are log-scaled to make the space more
perceptually uniform and prevent high anisotropies from dominating. We asso-
ciate each grid node (4, j), located at discrete angle 6; and log-scaled anisotropy
s; = In(1 + n;), with its precomputed <I’;-t’ ; and Af’ ;- To evaluate a continuous
kernel query with parameters (n,6), we first X
project the queried anisotropy into the same log-

arithmic space, s = In(1+7). We then perform a
binary search to identify the bounding grid cell
indices ¢ and j such that 6; < 6 < 6;41 and
5; < 8 < s5541. Within this cell, we compute the u

\

b
D)1t » Sy !le
\

normalized local coordinates: Af = 9?;%' and
K3 k3

As = éi:s_’s The queried eigenproperties are
J J
then efficiently approximated via bilinear inter- N* 1
polation over the four cell corners C = {(a,b) | a € {j,j +1},b € {z’,z’ + 1}}:

@?7,9 = Z wa,béib and n9 = Z W, bA (8)
(a,b)eC (a,b)eC

where the interpolation weights w, ; are derived from the fractional distances
Af and As (ie., w;; = (1 — A0)(1 — As), wiy1,; = AO(1 — As), etc.).

Alignment of precomputed ALBO eigenproperties. When eigendecom-
posing the precomputed ALBOs, we observe the same permutation, rotations,
and sign ambiguities that are widely observed in shape matching problems
(e.g., |27]). Since this behaviour would hinder the correctness of the bilinear
interpolation in Eq. . we introduce an eigenproperties alignment procedure
during the grid construction and thus ensure that all <I>;t ;; and Ai ;; are consistent
with the @ and A of the isotropic LBO. First, we resolve the permutation switch-
ing issue by maximizing the mass-weighted cross-correlation between two sets of
eigenvectors: ®,or and ‘1> i . We compute the correlation matrix C = {)refMéi j
and apply the Hungarian algorithm to find the optlmal assignment matrix IT,
yielding the permuted eigenvectors ®pcrm = <I> ;1L Next, we solve the Or-
thogonal Procrustes problem minimising the mass—welghted Frobenius distance
| ®ret— PpermR |34 via the Singular Value Decomposition (SVD) of @, M®,s.
The resulting rotation determines ®.o¢ = ®permR. Finally, we correct the sign
flips by constructing a diagonal matrix S where Sy = sgn((@]—efM{)mt)kﬁk).
The fully aligned spectral basis stored at each grid node is thus obtained as
Dligned = i’fyjHRS. Eigenvalues are simply reordered according to II. The
initial reference eigenvectors are those of the LBO, then we use the last set
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aligned during the grid construction. Hereafter, we consider all <I>f’ ; and Af’ ; to
be implicitly aligned for ease of notation.

4.2 Spatial Evaluation of Spectral Properties and Masses

Continuous spatial evaluation. All precomputed spectral properties are
strictly defined on the vertices of M. Limiting kernel placement and evaluation
exclusively to these locations would bind our model to the surface discretisation.
To overcome this limitation and evaluate any vertex-based spectral quantity A
at an arbitrary continuous location p, we exploit the inherent smoothness of the
spectral bases. Inspired by [12], we approximate this continuous spatial evalua-
tion via barycentric interpolation: bP(A).

Biharmonic KNN search. Evaluating the heat equation for all S kernels and
P target points using Eq. , yields an intractable O(P x S) complexity. Be-
cause our biharmonic distance weighting (Eq. ) forces kernels to decay to zero
outside a local radius, we can safely prune distant sources. We define a spectral
embedding at the vertices as Z = ®°(A%°)~1 In this space, Euclidean dis-
tance corresponds to the biharmonic distance dgy on the manifold. Using our
continuous evaluation strategy, we compute these embeddings for kernel sources
and target points as z(p) ~ bP(Z) and z(p*) ~ bP" (Z). We then construct a K-
Nearest Neighbours (KNN) graph in this embedded space to dynamically restrict
the evaluation of each point p to only its K, nearest sources N (p).

Local anisotropic evaluation. Once the local subset of sources N(p) is iden-
tified, we must evaluate the continuous anisotropic eigenfunctions specifically re-
quired by those sources. Rather than computing the basis for all kernels globally,
we retrieve the queried discrete eigenvectors ‘I’?,,e corresponding to the specific
shape parameters (65, 75) of only the K, neighbouring sources. Applying our con-
tinuous evaluation principle, we approximate these source-specific eigenfunctions
at both the source location p* and the target location p. Specifically, we compute
[l (p*), ..., 0%’ (p*)] = bP" (B ) and 07 (p), ..., ok’ (p)] ~ bP(® ;). This
dual evaluation allows us to construct the heat kernel between p* and p (Eq. ),
while keeping the computational complexity strictly bounded to O(P x Kj).

Mass definition for arbitrary points on M. Finally, evaluating the contin-
uous heat kernel (Eq. ) requires the mass m* at the continuous source point
p*. Since the discrete mass matrix (M) is proportional to vertex areas and thus
local sampling density, we cannot simply use barycentric interpolations like we
did for the eigenvectors.We thus formulate a Kernel Density Estimation (KDE)
approach to correctly estimate the mass of every point based on the density of
surrounding points (see supplementary materials). While this approach approx-
imates the real mass, we empirically find that assigning a uniform unit mass to
all sources (m* = 1) is significantly faster and does not deteriorate performance.
Because the pointwise evaluation depends solely on the source mass as a linear
scalar (Eq. ), during optimisation the other kernel properties can learn to
compensate for the missing local integration weights.
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4.3 Optimisation & Density Control

Geodesic position optimisation. Standard Euclidean optimisation would ap-
ply gradient updates directly to the 3D coordinates, inevitably pulling the heat
kernel sources off the mesh surface. Since sources p* are intrinsically defined on
M, we must restrict movements exclusively to the surface. We thus formulate a
Riemannian gradient descent optimiser: each gradient V,«L is projected to the
local tangent plane 7« M and scaled to define an initial velocity v*. We then
compute the exponential map Exp(p*, v*), tracing the geodesic defined by this
vector to determine the updated kernel position. To accelerate convergence with
momentum, we parallel transport the accumulated momentum to the new ker-
nel position. Both the exponential map and parallel transport are computed via
the straightest geodesic algorithm [32], utilising the optimisation-friendly and
CUDA-parallelised implementation introduced by [38].

Kernel pruning strategy. Like most Gaussian Splatting techniques, we adap-
tively control the density of our heat kernels throughout the optimisation process.
In order to decrease computational overhead and storage costs, we aim to delete
kernels that contribute little to the final texture. During an accumulation window
Aprune, we record two metrics for every kernel ks € K: a hit count v(ks) indi-
cating how frequently it is selected in the local partition of unity (p) (Eq. ),
and an energy score w(ks) aggregating its filtered weights a,(p). Periodically,
we prune kernels that are either rarely hit (v(ks) < it - max({v(k;)}5_,)) or
energetically weak (w(ks) < Yenergy)-

Kernel densification strategy. To capture missing details, we dynamically
densify kernels based on local reconstruction error. Over an accumulation win-
dow Aerror, we compute the spatial error e(p) = ||c(p) —car(p)||1 and distribute
it to contributing kernels weighted by their normalised partition of unity, yield-
ing a per-kernel score FE(k;). Kernels exceeding an error threshold verror are
densified according to their spatial extent (1 — 75). Small kernels (1 — 75 < gize)
are cloned in place, allowing the optimiser to naturally separate them. Large
kernels (1 — 75 > 7size) are split into two smaller kernels. Crucially, to respect
manifold constraints during splitting, we displace the new kernels along their
principal axis using the exponential map provided by [38]. A maximum growth
ratio Ygrowth caps additions per step to ensure stability.

4.4 Rendering & Applications

Physically based rendering. Because our HKTex formulation is continuously
evaluated across M, it seamlessly integrates into modern physically based ren-
dering (PBR) pipelines. We implement HKTex also as a differentiable texture
within the Mitsuba3 renderer [16|. During ray tracing, when a ray intersects
the mesh at an arbitrary continuous point p, the renderer queries the corre-
sponding local subset of kernels K(p) and computes C(p) following Eq. (7). By
wrapping our PyTorch-based evaluation within Dr.Jit [15], we allow gradients
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to backpropagate directly from the rendered image pixels to our intrinsic kernel
parameters.

Optimise existing UV-textures. When a ground-truth UV texture is avail-
able, we can directly optimise our kernels. At each optimisation step, we uni-
formly sample a dense set of points p directly on the faces of M, and evaluate
their colour with C'(p). Our HKTex model is then updated by minimizing the
photometric error with respect to Car(p), the colour queried from the UV tex-
ture at the same location: £ = ||C(p) — Car(p)|3-

Optimise multi-view images. Our HKTex model can also be optimised from
multi-view images via the differentiable PBR renderer. In this scenario, we sup-
pose the target mesh to be given alongside a set of camera poses. At each training
step, we sample V camera views, identify all the rays hitting the mesh across
views, and select a random subset to provide uniform coverage around the ob-
ject. Minimising the rendering error against the ground-truth pixels at the ray
intersections drives the HKTex optimisation.

5 Experiments

5.1 Data

We conduct experiments on a curated subset of Objaverse [11]. Since the full
dataset comprises scraped online assets, mesh quality is not guaranteed. We
therefore filter for objects that possess LVIS category labels, valid textures, and
at least one community like and view, while excluding point clouds and ani-
mated models. To maintain a reasonable computational overhead, we restrict
the maximum vertex count to N = 60,000. To ensure compatibility with our
HKTex representation, we also define a rigorous geometric filtering: we exclude
meshes with multiple disconnected components, with non-manifold geometries,
and with complex internal structures (i.e. models presenting more than 20 in-
tersections on any ray cast from a regular grid defined on the bounding box of
the object). Finally, since our method is heavily reliant on the eigenfunctions of
LBO, we reject models where such eigendecomposition fails. After filtering, we
retain ~ 3,000 high-quality models. Note that while having an eigendecompos-
able LBO is essential, our filtering criteria can be relaxed at the cost of overall
dataset quality or of separately processing parts of non-manifold and complex
meshes. When fitting multi-view images, meshes are rendered with their albedos
as the sole texture map.

5.2 Implementation details

Our HKTex pipeline is built with PyTorch [29], utilizing the GPU version of
FAISS [17] for the biharmonic distance KNN search and Mitsuba3 [16] with
Dr.Jit [15] for differentiable ray tracing. Instead of building specialized CUDA
kernels, we use PyTorch’s Triton code generation [3|. For all meshes, we precom-
pute a 64-dimensional eigendecomposition of the isotropic LBO for calculating
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biharmonic distances, and 256-dimensional eigendecompositions for all the AL-
BOs in our grid with the cross product of 7 angles and 7 anisotropies. The
network parameters are initialized as in the following paragraph, and we use a
projected gradient descent (PGD) algorithm to enforce the correct ranges. For
all parameters except kernel locations, we use an Adam optimiser with a step-
function learning rate scheduler for fitting UV-textures and multi-view images.
To optimize kernel locations, we utilize a geodesic Riemannian-SGD algorithm
on the GPU using the library from [38|. We run a short Bayesian hyperparameter
tuning on 5 meshes excluded from the evaluation dataset for both setups using
Optuna [1] with the Tree-Structured Parzen Estimator [4], and we share the
exact hyperparameters in our supplementary. We use an importance sampling
strategy, as detailed in our supplementary material, when fitting UV-textures.
To render our output images and to perform differentiable ray tracing for inverse
rendering, we utilize Mitsuba3 [16] with Dr.Jit |15]. We use a path-replay back-
propagation (PRB) integrator with a ray depth of 3 for training, and differentiate
through the ray tracing process to optimize our textures. During inference, we
only build the KNN database and pre-compute the self-reference heat kernels
once, reducing computation significantly. We use the tuned hyperparameters to
set the pruning and densification hyperparameters for both settings.

Initialisation. We use a uniform sampling strategy based on mesh area to
first oversample a large number of points on the mesh surface, and then use
farthest-point sampling to obtain kernel locations and face indices. The kernel
colours are sampled from a uniform distribution between -1 and 1, with the
mean subtracted and the mean set to our global base colour. The angles and
anisotropies are sampled from a uniform distribution between 0 and 7 and 1 and
100, respectively. For sharpness and threshold initialization, we sample from the
beta distributions B(2,1) and B(10/7, 1), respectively. Then, the sharpnesses are
scaled and shifted to the range 10-50, and the thresholds to 0.9-1.0 (0.7-1.0 for
the multi-view rendering case). The parameters are then optimized, as detailed
before and in the supplementary, using PGD.

5.3 Evaluation metrics

To quantitatively assess textures against the ground truth, we render five distinct
views for each object and measure image metrics on them. In particular, we com-
pute Mean Squared Errors (MSE) and Peak Signal-to-Noise Ratio (PSNR). To
evaluate the preservation of structural details and contrast, we use the Structural
Similarity Index (SSIM) and its multi-scale variant (MS-SSIM). Furthermore,
we report the Learned Perceptual Image Patch Similarity (LPIPS) to measure
perceptual quality. Finally, to validate our core claim of memory efficiency, we
report the total Storage footprint in kilobytes (KB), strictly accounting for all
intrinsic parameters, network weights, and any topological overheads (e.g., UV-
coordinates) required by the baselines. We store with the same formats and
without method-specific quantizations. Identical ZIP compression was already
applied across all methods to provide a fair baseline for comparing intrinsic
information density.
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« - . -
.~ & ~ f. f. f . LN f.

Fig. 2: Qualitative comparison against SotA methods. With the exception of the GT
UVTextures, all other methods have similar or bigger storage size. For visual clarity,
we render only the albedo textures under constant ambient illumination.

5.4 Fitting UV-textures

We first demonstrate our method’s ability to represent existing UV textures
at a significantly reduced storage cost. We optimise our HKTex against the
ground truth albedo UV-texture of 313 meshes, arbitrarily selected from our
curated dataset. We then quantitatively and qualitatively compare against lead-
ing state-of-the-art intrinsic texture representations and image-based baselines
under strictly matched memory budgets.

For the neural baselines, we implement three multilayer perceptrons (MLPs)
taking as input different positional encodings of the ray-intersection points.
Specifically, we evaluate a standard MLP with traditional Fourier positional
encoding , an adaptation of InstantNGP utilizing hash-grid encoding,
and Intrinsic Neural Fields , which barycentrically interpolates the eigenvec-
tors of the LBO. To ensure a fair comparison, we conduct a grid search over the
network width, depth, and hash-grid size to exactly match the storage cost of
our optimised HKTex.

Furthermore, we compare against two explicit 2D baselines: downsampled
ground-truth images and ImageGS (a 2D Gaussian Splatting approach).
Crucially, both image-based methods fundamentally rely on UV-mapping. Even
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when the UVmap is provided, the storage of per-vertex UV-coordinates incurs a
fixed memory overhead that must be accounted for in the total texture budget.
Consequently, for meshes with high vertex counts, this overhead dominates the
budget, severely restricting the memory available for the actual texture or 2D
Gaussians. As shown in Tab. [I] an exact storage match is often impossible for
these baselines; even when limiting the downsampled texture to a minimum
resolution of 4 x 4 pixels and ImageGS to just 10 Gaussians, the performance
penalty is catastrophic for densely sampled meshes (Fig. [2)). ¢ HRGT Vies Hicles

Finally, we compare against vertex colours directly sam- FK ¢
pled from the GT UV-textures at the native mesh resolution § &
(GT VTex) as well as iteratively subdividing the mesh to 7
match our storage budget (HR GT VTex). Fig. 3: omparison

As reported in Tab. [I] HKTex achieves the lowest stor- ith vertex colours.
age footprint after GT VTex while maintaining competitive reconstruction qual-
ity across all metrics. Although LR UV-textures achieve the highest PSNR due
to directly storing image samples, our representation yields the second best per-
ceptual quality (LPIPS) and the best SSIM, MS-SSIM, and MSE, indicating
improved preservation of structural details despite using fewer parameters. Neu-
ral baselines and HR GT VTex require significantly larger storage budgets to
achieve almost comparable accuracy, highlighting the efficiency of our geodesic
heat kernel representations.

The qualitative comparisons in Fig. [2] further highlight the behaviour of the
different representations. Neural field baselines tend to oversmooth fine texture
details, particularly in regions with sharp colour transitions or high-frequency
patterns (e.g., the frog and raspberry examples). ImageGS occasionally pro-
duces noticeable artifacts due to the limited number of splats available under
the storage constraints, sometimes failing to capture the correct colour distribu-
tion. Vertex colours, even when subdivided (Fig. , fail to correctly represent
textures because the vertex positioning is determined by geometry rather than
texture content. In contrast, HKTex preserves sharper texture boundaries and
more faithful colour distributions across objects while remaining within the same
or smal}Ter storage budgets.

Fitting Images. To test HKTex’s ability to
'@ represent high-resolution textures on coarse
. o~ meshes, we fit an image onto a rectangle
Fig. 4: Image on two triangles. made of two triangles. In this special case
of UV-texture fitting, we found it beneficial to amplify the weighted and nor-

malised kernels as (h;)® before filtering them (with a = 30). Nevertheless, a = 1
is sufficient for most meshes.

5.5 Fitting multi-view images

To demonstrate our method’s ability to optimize multi-view images, we create
a synthetic training scenario in which, instead of UV textures, we use rendered
images of the ground-truth UV textures, following the same data setup in UV
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Table 1: Quantitative comparison of the UV-texture fitting on 313 meshes from our
curated subset of Objaverse [11|. HR and LR indicate high and low resolution.

PSNR LPIPS SSIM MS-SSIM MSE Render Storage
()] (x1072,])  (x107%,1) (x107%,1) (x107%,1) (ms, |) (KB, |)
LR GT UVTextures 48.4+15.2  2.3+42 982434 97.7456 0.89+3.61 33.7+3.2 115.8 +103.2
GT VTex (N~T7.7k) 37985  4.0+50 96.8+42 96.1+66 0.94+233 25.4+31 17.3 +32.6
HR GT VTex (N~210k) 45.3+57 1.14+17 98.8+21 99.4+14 0.08+0.20 50.3+49.4 179.6 +89.5
MLP Pos. Enc. 42.9 +6.6 2.3+25 98.2+22 99.0+13 0.15+030 90.9+352  551.3 +£759.6
InstantNGP |24] 41.3 +7.4 3.2435 975431  98.2+27 0.26+0.52  90.8+35.3  473.2 £714.9
INFs \19] 42.5 +6.8 2.7+3.4 98.0+2.7 98.8+1.9 0.19=+0.44 91.4 +£35.3 928.2 +1,439.8
ImageGS [49] 44.6 +146 29454 97.3x56 95.9+96 3.65+11.95 NA 115.4 +93.9
HKTex (S ~ 4.8k) 448 +58 1.3+16 98.9+15 99.5+0.7 0.08+0.20 784.7+4743  96.6 +12.2

texture fitting but with a smaller subset of the data. To generate training data,
we sample rays from random views during training and select a random subset
to form minibatches at each epoch.

Similar to the UV fitting setup, we implement two MLP architectures condi-
tioned on different positional encodings, corresponding to the spatially varying
albedo map. For a fair comparison, these representations are also trained us-
ing automatic differentiation and the interoperability between Mitsuba3 and
PyTorch. The first baseline utilizes traditional positional encodings. The second
baseline is an adaptation of NVDiffRec [25], with the mesh and environment
map fixed to the ground-truth mesh and environment map using hash encoding
and with only the albedo map output. Like in the uv-fitting setting, we also
conduct a grid search over the width, depth, and the hash-grid size to try to
match the storage cost of our model.

As shown in Tab. HKTex consistently outperforms the high-resolution
vertex colours and neural baselines across all evaluation metrics while requiring
substantially less storage. In particular, the improvements in LPIPS and SSIM
indicate that our intrinsic formulation preserves perceptual details and structural
consistency more effectively during inverse rendering. These results suggest that
constraining the representation directly to the surface manifold provides a strong
inductive bias for recovering appearance from sparse multi-view observations.

While our representation introduces additional evaluation overhead due to
kernel aggregation and geodesic neighbourhood queries as seen in Table [I] this
cost is partially amortized in the multi-view setting where ray tracing (with an
increased depth) dominates the rendering time as seen in Table

6 Conclusion

In this work, we presented HKTex, an intrinsic texture representation that re-
places traditional UV-mapped textures with anisotropic heat kernels defined
directly on the surface manifold. By operating entirely in the intrinsic geome-
try of the mesh, our formulation eliminates seams, distortions, and redundant
storage associated with UV parametrisations. Through the use of geodesic heat
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Table 2: Quantitative evaluation of the multi-view rendering on a curated subset of
162 meshes from Objaverse |11]. NVDiffRec [25] is our adaptation with the ground
truth mesh and environment map fixed instead of learned, and with only albedo map
output like our method.

PSNR LPIPS SSIM ~ MS-SSIM MSE Render Storage

(1) (x107%,1)  (x107%,1)  (x107%,9)  (x107%,1) (s, 1) (XB, })
MLP Pos. Enc. 35.75+7.76  3.7+38 97.2+3.1 96.8+4.9 1.55+4.83 0.68+0.12 602.71 +755.89
NVDiffRec* |25] 36.40+6.83 3.4+3.6 97.4+29 974435 0.79+204 0.66+0.11 516.12 +722.66
HR VTex 37.16+5.69 3.1434 97.5+28 97.9+26 0444085 0.58+0.08 81.06+131.16

HKTex (S~ 3.8k) 37.61+471 2.1+1.9 98.3+1.6 98.6+1.4 0.30+0.53 1.2+03  78.73+23.12

kernels and Riemannian optimisation, our approach maintains strict alignment
with the underlying surface while enabling continuous appearance evaluation
within a differentiable physically based renderer. This formulation enables both
the compression of existing UV textures and the direct reconstruction of surface
appearance from multi-view imagery, while remaining entirely intrinsic to the
mesh and independent of any global surface parametrisation. HKTex’s mathe-
matical continuity essentially acts as diffusion curves on surfaces, establishing a
foundational step toward manifold vector graphics.

Limitations and future work. Future work may extend the representation
beyond albedo to additional appearance attributes such as spatially varying
BSDF parameters. While our current evaluation focuses on albedo textures, each
kernel could be augmented with additional material parameters (e.g., roughness
or specular components) and optimized through differentiable rendering with
Mitsuba3.
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