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Fig. 1. Inverse rendering of full-body geometry. Laplacian-based gradient filtering [Nicolet et al. 2021] fits surface normals well for the target view, but relying
solely on spatial smoothness leads to distorted geometry in regions that are unobserved from the target view. In contrast, our method incorporates statistical
shape priors into gradient filtering, achieving accurate fitting for the target view while producing natural shapes in the unobserved regions.

1 Derivations

1.1 Algebraic Structure Preservation of Matrix Inversion
In the main paper, we claim that since U𝑘U𝑇

𝑘
is idempotent, the

inverse of a linear combination of I andU𝑘U𝑇
𝑘
preserves the algebraic

structure. Here we justify this claim.

Proposition 1.1. Let H = 𝛼I+ 𝛽P, where P is idempotent. If 𝛼 ≠ 0
and 𝛼 + 𝛽 ≠ 0, then H−1 has the form 𝜇I + 𝜈P.

Proof. Since P is idempotent, I − P is also idempotent, and these
two matrices are orthogonal: P(I − P) = 0. We can decompose:

H = 𝛼 (I − P) + (𝛼 + 𝛽)P. (1)

Since P and I − P project onto complementary subspaces, inversion
acts independently on each:

H−1 =
1
𝛼
(I − P) + 1

𝛼 + 𝛽
P =

1
𝛼
I + ( 1

𝛼 + 𝛽
− 1
𝛼
)P, (2)

which is a linear combination of I and P. □

1.2 Equivalence of Exponent 𝑝 and 𝛽 Rescaling
We prove that adjusting the exponent 𝑝 in the filtered update (Eq.
14 in our main paper) is equivalent to rescaling the hyperparameter
𝛽 .

Proposition 1.2. Applying exponent 𝑝 with parameter 𝛽 is equiv-
alent to omitting the exponent 𝑝 and using rescaled parameter 𝛽 ′ =
(1 + 𝛽)𝑝 − 1.
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Proof. Let 𝛼 =
𝛽

1+𝛽 ∈ [0, 1). The statistical gradient filter can be
written as:

Pstat = 𝛼U𝑘U𝑇
𝑘
+ (1 − 𝛼)I, (3)

which can be rewritten as:

Pstat = U𝑘U𝑇
𝑘
+ (1 − 𝛼) (I − U𝑘U𝑇

𝑘
) . (4)

SinceU𝑘U𝑇
𝑘
and I−U𝑘U𝑇

𝑘
are orthogonal projectors onto complemen-

tary subspaces (i.e., their product is zero and each is idempotent),
raising to the power 𝑝 gives:

P𝑝stat = U𝑘U𝑇
𝑘
+ (1 − 𝛼)𝑝 (I − U𝑘U𝑇

𝑘
) . (5)

Expanding:

P𝑝stat = [1 − (1 − 𝛼)𝑝 ]U𝑘U𝑇
𝑘
+ (1 − 𝛼)𝑝 I. (6)

This has the same form as Eq. 3 with 𝛼 ′ = 1 − (1 − 𝛼)𝑝 . Converting
back to 𝛽 :

𝛽 ′ =
𝛼 ′

1 − 𝛼 ′ = (1 + 𝛽)𝑝 − 1. (7)
□

2 Implementation Details
We implemented our method in PyTorch with CUDA acceleration.
All experiments and performance evaluations were conducted on
a desktop workstation equipped with an AMD Ryzen 7950X3D
processor, an NVIDIA GeForce RTX 5090 GPU, and 192GB RAM.
Throughout all experiments in our main paper, we use the mean
shape of the FLAME face model [Li et al. 2017] as our template mesh,
which consists of 5,023 vertices and 9,976 triangles.

We used UniformAdam [Nicolet et al. 2021] as the optimizer with
step size 0.01, 𝛽1 = 0.9, and 𝛽2 = 0.999. For our statistical gradient
filtering, we set 𝛽 = 30. For regularization, we set 𝛽 = 10. For
Laplacian-based gradient filtering baselines [Jung et al. 2023; Nicolet
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(a) Target with holes (b) Laplacian-based (𝜆𝜆 = 99) (c) Laplacian-based (𝜆𝜆 = 999) (d) Ours (Laplacian + Statistical)

Fig. 2. Texture map inpainting. (a) Target texture map with large holes. (b) Laplacian-based gradient filtering [Nicolet et al. 2021] with small 𝜆 = 99 fails to
inpaint large holes. (c) With a larger 𝜆 = 999, the method propagates surrounding color changes over large holes but produces blurred results. (d) Our method
seamlessly fills large holes and synthesizes natural features such as eyebrows.

et al. 2021], we used 𝜆 = 19. These hyperparameters were fixed
across all experiments. For the PCA-based method, we used a step
size of 5.0, as it optimizes coefficients in the parameter space rather
than directly updating vertex positions. For non-rigid registration
on partial scans in Sec. 5.1 of the main paper, each partial scan
contains on average 4,335 observed points used as optimization
targets. For inverse rendering in Sec. 5.2 of the main paper, in the
case of synthetic data, we perform initial rigid alignment to fit the
template mesh to the target surface normal map before optimization.
For in-the-wild images, we initialize the template mesh with PCA
coefficients obtained by using Pixel3DMM [Giebenhain et al. 2025].
On average, 122,644 pixels per image are observed and contribute
to the rendering loss.

Computational efficiency. Our statistical gradient filtering offers
a computational advantage over Laplacian-based gradient filter-
ing [Nicolet et al. 2021]. Laplacian-based gradient filtering requires
solving a linear system involving (I + 𝜆L) at each iteration. While
this can be efficiently done via pre-factorization [Chen et al. 2008],
our approach requires only matrix-vector multiplications, eliminat-
ing the need for a linear solver. Specifically, using matrix-vector
multiplications instead of linear solves enables better parallel ac-
celeration on the GPU than sequential sparse substitutions of a
pre-factorized linear solve. Empirically, for a 1,024 × 1,024 grid (220
vertices), Laplacian-based gradient filtering takes 20.53 ms per fil-
tering step, whereas our method takes only 4.53 ms.

Convergence comparison. We compare the convergence behav-
ior of parametric, regularization, Laplacian-based gradient filtering,
and our method on the FLAME face model. As this mesh contains a
relatively small number of vertices, the gaps between the overall run-
time of all baselines and ours are less than one second. Nonetheless,
our method converges to a lower error than the baselines. Moreover,
to reach a given error, our method requires fewer iterations (Fig.
4 of our main paper), demonstrating that our filtering provides a
better descent direction.

Wall-clock performance. We run 500 iterations for non-rigid tem-
plate mesh registration and 3000 iterations for inverse rendering
with all methods completing in approximately 20 seconds.

3 Additional Experiments
We provide additional experiments to validate our method on di-
verse optimization tasks beyond those presented in the main paper:
inverse rendering for reconstructing full-body geometry from a
single-view surface normal map, texture map inpainting for com-
pleting partial textures, and Gaussian Splatting optimization on
meshes for novel view synthesis. The first two experiments demon-
strate that our method is compatible with other PCA models than
the FLAME face model [Li et al. 2017]: for full-body geometry, we
use a PCAmodel computed from SMPL-X (400 bases) [Pavlakos et al.
2019]; for texture maps, we construct a PCA model (200 bases) from
1760 texture maps, obtained by augmenting 176 texture maps from
3DScanStore [3DScanStore 2025] with color jittering to simulate
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Fig. 3. Gaussian splatting optimization on 3D head meshes. PCA parameterization causes ghosting artifacts due to its limited solution space, which prevents
accurate geometry fitting. Our method enables accurate geometry fitting, producing higher-quality renderings without such artifacts.

diverse skin tones. For Gaussian splatting optimization, we utilize
the FLAME face model.

3.1 Inverse Rendering of Full-Body Geometry
We extend the inverse rendering experiment in Sec. 5.2 of the main
paper to full-body mesh reconstruction. Given a single-view surface
normal map of a target body, we deform the template body mesh by
minimizing pixel-wise surface normal differences between rendered
and target normal maps using a differentiable renderer [Laine et al.
2020] along with the same silhouette loss as in the main paper. As
shown in Fig. 1, Laplacian-based gradient filtering [Nicolet et al.
2021] fits the target view well but yields distorted geometry in
regions that are unobserved from the target view. In contrast, our
method produces natural shapes in the unobserved regions despite
using only a single-view observation.

3.2 Texture Map Inpainting
Given a partial texture image, we optimize the texture byminimizing
the RGB loss over the visible region:

LRGB =
∑︁
𝑖∈V

∥T𝑖 − Tgt
𝑖
∥1, (8)

whereV denotes the set of visible pixels, T𝑖 is the optimized texture
value at pixel 𝑖 , and Tgt

𝑖
is the ground truth. The goal is to leverage

gradient filtering to fill the masked regions with plausible content.
Since this task requires careful handling of seams, we employ a

hybrid formulation that replaces the identity matrix I in the statisti-
cal gradient filtering with the Laplacian-based diffusion operator
(I + 𝜆L)−1, combining statistical priors with spatial smoothness.
As shown in Fig. 2, using the Laplacian-based operator alone [Nico-

let et al. 2021] enforces only spatial smoothness, which is insufficient
for large holes with small 𝜆, while large 𝜆 leads to blurred results.
Moreover, as seen in the eyebrow region, Laplacian-based gradi-
ent filtering merely diffuses surrounding color changes without
synthesizing new features. In contrast, incorporating our statistical
gradient filter not only fills large holes naturally but also synthesizes
coherent features, such as plausible eyebrows, that harmonize with
the surrounding context.

3.3 Gaussian Splatting Optimization on 3D Meshes
Recent Gaussian head avatars [He et al. 2025; Li et al. 2025; Luchuan Song
2025; Qin et al. 2024; Shao et al. 2024; Zhang et al. 2025; Zielonka
et al. 2025] utilize PCA models from FLAME [Li et al. 2017], binding
Gaussians onto 3D full-head meshes to constrain geometry and
capture facial expressions. As in TransGS [Qin et al. 2024], we for-
mulate 2D Gaussians on the UV space of a 3Dmesh as surfels, where
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Gaussian positions are parameterized by the underlying mesh and
vertex positions of the mesh are updated through the rendering loss
of Gaussian splatting.
We compare our method against the PCA-based method that

optimizes PCA coefficients for Gaussian splatting on 3D meshes.
For training data, we render 90 multi-view images from 3DScanStore
assets using Blender Cycles [Iraci 2013], and adopt the standard
Gaussian splatting loss functions [Kerbl et al. 2023]. As shown in
Fig. 3, PCA parameterization limits the solution space, preventing
accurate geometry fitting and resulting in ghosting artifacts around
facial boundaries. Our method allows greater flexibility in geometry
deformation, enabling precise fitting to target views and producing
higher quality renderings without blur artifacts.
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