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Fig. 1. Statistical gradient filtering incorporates statistical shape priors into gradient descent for template-to-target mesh deformation. PCA-based methods
produce plausible shapes but restrict solutions to the linear subspace, limiting their ability to capture target geometry. Laplacian-based gradient filtering [Nicolet
et al. 2021] allows unrestricted deformation but relies solely on spatial smoothness, providing limited guidance for unobserved regions. Our statistical gradient
filtering combines the strengths of both, offering statistical guidance for unobserved regions while allowing out-of-distribution solutions. target: ©3DScanStore

Geometry optimization often encounters sparse gradients from limited ob-

servations, which can cause optimization to drift toward unnatural shapes.

Prior work stabilizes this process by exploiting spatial structure encoded by

the Laplacian operator within a single shape, enforcing spatial smoothness

on gradients. However, such smoothness alone propagates gradients to unob-

served regions without any prior knowledge of how shapes typically deform

in a given domain. We introduce statistical gradient filtering, which leverages

statistical structure across a shape collection by learning shape variations via

principal component analysis (PCA) and guiding geometry updates along

directions consistent with this learned prior. Unlike previous PCA-based

methods that constrain solutions to a linear subspace or modify the objective

with regularization terms, we filter gradients at each iteration to steer the

optimization path toward plausible shapes, without restricting the solution

space or altering the original objective. We validate our approach across a

range of shape optimization tasks, demonstrating robust convergence even

under challenging conditions.
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1 Introduction
Geometry optimization toward a target shape is challenging when

observations are limited. In single-view inverse rendering, for in-

stance, occluded regions receive no gradients for updates, leaving

much of the surface without guidance and causing optimization to

drift toward an unnatural shape. To address this challenge, addi-

tional structural information needs to be integrated into the opti-

mization process to propagate the observed gradients to unobserved

regions. Consequently, the specific choice of this structural infor-

mation dictates how these regions are updated during optimization.

A prominent choice is the mesh Laplacian [Dziuk 1988; Pinkall

and Polthier 1993], which encodes local geometric relationships

among neighboring vertices within a single shape. Building on this

structure, prior work [Jung et al. 2023; Nicolet et al. 2021] smoothly

propagates observed gradients to neighboring vertices, thereby im-

proving both convergence and output mesh quality. However, since
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these approaches guide only spatial smoothness, they extrapolate
gradients to unobserved regions without any prior knowledge of
how shapes typically deform in a given domain (Fig. 1).

In this work, we propose statistical gradient �ltering, a method that
incorporates prior knowledge learned from a collection of shapes.
Unlike Laplacian-based �ltering, which exploits structure within
a single shape, our approach captures statistical structure across a
shape collection. Speci�cally, we construct an eigenspace via prin-
cipal component analysis (PCA) that encodes how shapes vary
within the collection. At each optimization step, we modulate the
gradient through this eigenspace, steering the descent direction to
favor geometry updates consistent with learned shape variations.
Rather than relying on spatial smoothness, this approach extrapo-
lates geometry updates to unobserved regions based on statistical
correlations learned from diverse shapes.

Shape priors from statistical models have long been used to guide
geometry deformation, but typically through parametric or regu-
larization approaches. Parametric methods [Blanz and Vetter 1999;
Li et al. 2017; Paysan et al. 2009] restrict solutions to the linear
span of principal components, sacri�cing expressiveness for solu-
tion plausibility. Regularization methods [Li et al. 2017] retain the
full solution space but alter the objective function by penalizing
deviations from the statistical subspace, which biases solutions and
requires careful parameter tuning. Our statistical gradient �ltering
avoids both limitations; it allows solutions to deviate from the linear
span and preserves the original objective while guiding optimization
along paths informed by shape statistics. Statistical gradient �ltering
thus o�ers a di�erent paradigm that neither restricts nor changes
where optimization can reach, but guides the path optimization takes
toward plausible shapes.

We validate statistical gradient �ltering1 across diverse appli-
cations, including non-rigid registration on partial scans, inverse
rendering from a single-view surface normal map, texture map in-
painting, and Gaussian splatting on meshes. Across all settings,
our method achieves higher-quality results compared to existing
alternatives.

2 Related Work

2.1 Gradient Filtering in Geometry Deformation
Gradient �ltering stabilizes and accelerates optimization by trans-
forming sparse or noisy gradients into smoother forms. A classical
approach uses the inverse Hessian as a gradient �lter to achieve
second-order convergence, as in Newton's method [Polyak 2007],
but computing this inverse is often expensive or intractable for
geometry problems such as inverse rendering. Instead, alternative
gradient �ltering strategies have been developed in the form of
preconditioning to address speci�c geometric challenges. These
include isometry-aware preconditioning [Claici et al. 2017], multi-
scale methods [Chen et al. 2021; Martin et al. 2013], preconditioned
conjugate gradient for physical simulation [Shen et al. 2024], and
stochastic preconditioning for neural �elds [Ling et al. 2025].

A widely adopted approach is Laplacian-based gradient �lter-
ing, introduced by Nicolet et al. [2021] for inverse rendering. Their

1Our code is publicly available at https://github.com/wonjongg/stat-grad

method derives a gradient �lter from a Laplacian smoothing reg-
ularizer, a special case of Sobolev preconditioning [Arnold et al.
1997; Neuberger 1985], di�using sparse gradients through the mesh
Laplacian to improve both convergence and output mesh quality.
Jung et al. [2023] later extended this framework to non-rigid regis-
tration, and similar Laplacian-based �lters have been adopted for
a wide range of problems, including mesh optimization [Kovalsky
et al. 2016; Zhu et al. 2018], self-intersection handling [Jang et al.
2025; Yu et al. 2021] with shape-space augmentation [Sassen et al.
2024], inverse rendering via an adaptively weighted Laplacian [An
et al. 2023], 3D reconstruction [Kaltheuner et al. 2025; Slavcheva
et al. 2018], and non-rigid registration [Jung et al. 2025], as well as
image processing and partial di�erential equation solvers [Karatson
and Loczi 2005; Osher et al. 2022; Park et al. 2021]. Despite this
widespread adoption, Laplacian-based gradient �ltering relies solely
on spatial information within a single shape; when observations are
limited, the Laplacian cannot provide meaningful guidance for un-
observed regions. Our work addresses this limitation by introducing
statistical gradient �ltering, which guides optimization toward con-
�gurations consistent with shape variations learned from a shape
collection.

Our statistical gradient �ltering is built upon PCA, which has
also been used for gradient �ltering in prior work, but in a di�erent
manner. Existing approaches typically construct gradient �lters
online from solution snapshots during iterative solves [Astrid et al.
2011; Cortes et al. 2018; Luo and Cai 2023; Nabben and Vuik 2006].
In contrast, our method leverages pre-computed PCA bases from
a shape collection as shape priors, enabling statistical guidance
for geometry optimization without requiring accumulated solution
history.

2.2 Statistical Shape Modeling
Statistical shape models learn compact representations of shape
variations from training data. Beginning with Active Shape Mod-
els [Cootes et al. 1995] and Active Appearance Models [Cootes
et al. 1998], this approach was extended to the 3D Morphable Model
(3DMM) [Blanz and Vetter 1999], which enabled photorealistic face
synthesis by modeling geometry and texture in a PCA space. Sub-
sequent e�orts have focused on building larger and more expres-
sive face models [Booth et al. 2016; Cao et al. 2013; Gerig et al.
2018; Huber et al. 2016; Paysan et al. 2009], with FLAME [Li et al.
2017] achieving state-of-the-art expressiveness by learning pose-
dependent deformations from 4D sequences. For body modeling,
SCAPE [Anguelov et al. 2005] introduced data-driven pose and
shape deformation. Subsequently, SMPL [Loper et al. 2015] and
its extension SMPL-X [Pavlakos et al. 2019] have become widely
adopted for full-body capture.

While these PCA-based statistical models serve as powerful shape
priors, they are typically applied through parametric methods that
optimize within the constructed PCA space. This approach presents
a distinct limitation, as restricting solutions to the learned subspace
prevents the recovery of novel geometric features. In contrast, our
method leverages the statistical structure to �lter sparse gradients,
enabling stable convergence to natural shapes while allowing solu-
tions beyond the learned subspace.
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3 Background
Assume we are given a PCA model [Jolli�e 1986] that represents
the primary geometric variations of a shape collectionf s8g#

8=1. This
model comprises a mean shape�x and the top: principal components
U: , obtained by eigen-decomposition of the covariance matrix C=

1
# �1

Í
8¹s8� �xº¹s8� �xº) . We then consider the problem of deforming

a 3D mesh from the mean shape (or a template mesh) to minimize
an objective function:

minimize
x2R=�3

�¹xº• (1)

where x represents the deformed vertex positions and�¹�º is an
objective function that typically incorporates sparse observations,
such as a partial scan with occlusions. When observations are lim-
ited, many vertices receive no gradient signal, yet must still deform
plausibly. We review existing approaches to this problem: PCA-
based parametric and regularization methods, and Laplacian-based
gradient �ltering.

3.1 Parametric Method
To guarantee a valid solution, parametric approaches [Blanz and
Vetter 1999; Li et al. 2017] restrict the solution space to the PCA
subspace by optimizing coe�cients" rather than the full shape x.
In the optimization process, each gradient descent iteration updates
" using

"  " � [U )
:

m�
mx

• where x =�x ¸ U : " • (2)

where[ is a step size. While this ensures solutions remain within
the learned PCA subspace, it fundamentally limits expressiveness
as the optimizer cannot represent novel deformations outside the
span of the training data.

3.2 PCA-based Regularization
Regularization methods [Li et al. 2017; Zhang and Schneider 2010]
preserve full solution expressiveness by adding a penalty term [Moghad-
dam and Pentland 1997; Pentland et al. 1994] that discourages devi-
ations from the PCA subspace. The regularized objective is:

� reg¹xº = �¹xº ¸
V
2

k¹I � U : U)
: º¹x � �xºk2• (3)

whereVcontrols the regularization strength and¹I � U: U)
: º projects

¹x � �xº onto the null space of U: U)
: to measure deviations from

the PCA subspace. While this approach enables diverse solutions, it
changes the original objective function.

Moreover, the gradient of this objective is:

m�reg

mx
=

m�
mx

¸ V¹I � U : U)
: º¹x � �xº• (4)

where the gradientm�
mx can be noisy due to sparse or limited observa-

tions. Early in optimization, when the geometry remains close to the
mean, the regularization term is weak, allowing unreliable gradients
m�
mx to directly corrupt the geometry. The regularization only grows
as the geometry deviates, attempting to correct distortions after
they have already occurred. However, once the geometry has been
corrupted, the regularization may project the solution into an unde-
sirable local minimum that does not correspond to a plausible shape

Fig. 2. E�ect of gradient descent, regularization, and gradient filtering.
Naive gradient descent applies noisy updates that corrupt geometry. Regu-
larization tries to repair such distortions but only a�er geometry has already
been corrupted. Before noisy gradients corrupt geometry, our method filters
them to ensure only meaningful updates. target: ©3DScanStore

(Fig. 2). To prevent such corruption, unreliable gradients should be
�ltered before they are applied to the geometry.

3.3 Laplacian-based Gradient Filtering
Laplacian-based gradient �ltering [Jung et al. 2023; Nicolet et al.
2021] improves mesh quality by di�using gradients through the
mesh Laplacian L. This gradient �lter arises from a regularized
objective with Laplacian smoothing [Desbrun et al. 1999; Taubin
1995]:

minimize
x2R=�3

�¹xº ¸
_
2

x) Lx• (5)

where _ controls the amount of smoothing.
The approximate Hessian of this objective becomes¹I ¸_ Lº when

the Hessian of� is approximated as identity. Using the inverse of
this approximate Hessian as a gradient �lter yields the geometry
update:

x  x � [ ¹I ¸ _Lº �1 m�
mx

” (6)

This operation can be understood through the eigen-decomposition
L = V� V) , where V contains eigenvectors representing spatial fre-
quency modes and� = diag¹` 1• ” ” ” •=̀º contains the corresponding
eigenvalues. The operator can be expressed as:

¹I ¸ _Lº �1 = V¹I ¸ _�º �1 V) = VD_V) • (7)

where D_ = diag
�

1
1¸_` 8

� =

8=1
applies di�erent weights to each eigen-

mode. This operation �lters the gradient in the frequency domain;
high frequency components with large eigenvalues`8 are strongly
attenuated, while low frequency components pass through with
minimal attenuation. This approach produces spatially smooth de-
formations, without leveraging prior knowledge of how shapes
typically deform in a given domain.

4 Statistical Gradient Filtering
We now introduce our method, statistical gradient �ltering, for prior-
guided geometry deformation under limited observations. Unlike
parametric or regularization approaches that constrain solutions
or modify objectives, we transform gradient descent trajectories
while allowing out-of-distribution solutions and preserving the orig-
inal objective. Similar to Eq.(6), we derive our gradient �lter from
the Hessian of the regularized objective, then simplify it through
approximation and reparameterization to obtain a practical form
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that can be intuitively integrated in automatic di�erentiation frame-
works [Paszke et al. 2019]. We highlight our main gradient �ltering
formulations in the emerald-colored blocks.

4.1 Gradient Filtering Derivation
Our starting point is the Hessian of the regularized objective from
Section 3.2. Di�erentiating the gradient of �reg¹xº yields:

m2� reg

mx2
=

m2�
mx2

¸ V¹I � U : U)
: º” (8)

The �rst term captures the second-order information of the original
objective and the second encodes statistical structure. Since our goal
is to leverage the statistical structure, and computingm2�

mx2 is often
expensive or intractable, we approximate the exact second-order
term with the identity matrix I and retain only the statistical term,
yielding:

Happrox = I ¸ V¹I � U : U)
: º = ¹1 ¸ VºI � VU : U)

: ” (9)

Following an approximate Newton approach, we �lter gradients
by the inverse of this approximate Hessian. To compute the inverse,
our key observation is that Happrox is a linear combination of I and
the projection U: U)

: . Since the projection satis�es the idempotency
property ¹U: U)

: º2 = U: U)
: , matrix inversion preserves this algebraic

structure, as shown in Sec. 1.1 of the supplementary document. We
therefore seek an inverse of the same form:

H�1
approx = 0I ¸ 1U : U)

: • (10)

where 0 and 1 are scalars to be determined.
To �nd 0 and1, we require that multiplying by Happrox yields the

identity matrix I. After expanding the equation, we obtain:

0¹1 ¸ VºI ¸ »1¹1 ¸ Vº � V¹0 ¸ 1º¼U: U)
: = I” (11)

Matching coe�cients gives0¹1¸ Vº = 1 and1¹1¸ Vº � V¹0 ¸1º = 0,
which yield:

0 =
1

1 ¸ V
• 1 =

V
1 ¸ V

” (12)

Thus, the statistical gradient �ltering can be de�ned as:

Statistical gradient filtering

Pstat =
V

1 ¸ V
U: U)

: ¸
1

1 ¸ V
I” (13)

The �ltered gradient descent update becomes:

x  x � [
�

V
1 ¸ V

U: U)
: ¸

1
1 ¸ V

I
� ? m�

mx
• (14)

where ? determines the degree of gradient �ltering.

As shown in the supplementary document,? does not constitute an
additional hyper-parameter; adjusting? is equivalent to rescaling
V.

This form of statistical gradient �ltering reveals an intuitive in-
terpolation: whenV ! 1 , the gradient �lter reduces to U: U)

: ,
projecting gradients entirely onto the statistical subspace. When
V ! 0, it reduces to I, recovering standard gradient descent. The
parameterV thus controls the balance between statistical guidance
and �exibility.

4.2 Eigenmode Rebalancing
The gradient �ltering derived above treats all principal components
equally within the retained subspace U: . However, as observed in
Eq.(7), applying di�erent weights to eigenmodes can selectively
emphasize speci�c deformation modes. In PCA, eigenmodes with
larger variancef 2

8 generally capture more dominant deformation
patterns and should be prioritized. We modify the gradient �lter in
Eq. (13) to incorporate variance-based weighting:

Eigenmode rebalancing

Pbalanced=
V

1 ¸ V
U: � 2

nU)
: ¸

1
1 ¸ V

I• (15)

where� 2
n = diag¹f 2

1 ¸ n• ” ” ” • f2: ¸ nº applies weights based
on the variance of each eigenmode.

The hyperparametern ¡ 0 ensures that low-variance modes are
not excessively suppressed, maintaining expressiveness for subtle
deformations. This rebalancing mirrors frequency-domain �ltering
of Eq.(7)but operates in the statistical shape domain: eigenmodes
representing dominant variation directions receive stronger in�u-
ence, while minor modes remain accessible. In practice,n can be set
as a �xed constant; we use n = 0”3 in all experiments.

4.3 Statistical Reparameterization
Inspired by di�usion reparameterization [Nicolet et al. 2021], we
recast the �ltered update as the solution of an auxiliary optimization
problem. Let%denote the displacement from the mean shape, so
that the deformed vertices are x= �x¸%. Then, consider the problem:

argmin
%

1
2

k% � uk2 ¸
V
2

k¹I � U : U)
: º%k2• (16)

where u is an unconstrained auxiliary variable. The �rst term en-
courages proximity to u, while the second penalizes deviations from
the statistical subspace.

Solving the Euler-Lagrange equation for this problem yields the
optimal displacement %:

% =
�
¹1 ¸ VºI � VU : U)

:

� �1
u =

�
V

1 ¸ V
U: U)

: ¸
1

1 ¸ V
I
�

u = Pstatu”

Replacing Pstat with Pbalancedvia the eigenmode rebalancing (Eq.(15)),
we obtain the reparameterization% =Pbalancedu. The Jacobian of
this transformation is:

m%
mu

=
�

V
1 ¸ V

U: � 2
nU)

: ¸
1

1 ¸ V
I
�

= Pbalanced” (17)

To minimize the original objective�¹ xº with respect to%, we
perform gradient descent on the unconstrained variable u using the
chain rule:

u  u � [
m%
mu

m�
m%

” (18)

After updating u, we recompute%by substituting Eq.(18)into
% = Pbalancedu. Then, we obtain:

%  P balanced

�
u � [

m%
mu

m�
m%

�
= % � [P 2

balanced
m�
m%

” (19)
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Fig. 3. Non-rigid template mesh registration on partial scan. Compared to parametric methods constrained by the PCA subspace, regularization approaches
that su�er from instability, and Laplacian-based gradient filtering [Jung et al. 2023] that fails to faithfully handle occlusions, our method achieves accurate
reconstruction on both visible and occluded regions. target: ©3DScanStore

This reveals that the reparameterization implicitly applies the squared
statistical �lter P2

balancedto the gradient, naturally incorporating sta-
tistical guidance into each optimization step. This reparameteriza-
tion through u enables straightforward integration with automatic
di�erentiation frameworks:� �

1 def optimize_step () :
2 # Apply stat ist ical reparameterizat ion
3 x_deformed = x_mean + P_balanced @ D
4 loss = object ive ( x_deformed )
5 loss .backward ()

� �
The forward pass multiplication Pbalancedu enables automatic dif-
ferentiation to implicitly apply the squared gradient �lter during
backpropagation.

Our statistical gradient �ltering provides a principled way to
incorporate shape priors into gradient-based mesh optimization,
extending the framework of Nicolet et al. [2021] to the statistical
shape domain. In addition, the reparameterization enables seamless
integration of statistical gradient �ltering with automatic di�erenti-
ation, requiring only a single matrix multiplication in the forward
pass.

5 Experiments
We validate our method primarily on 3D face reconstruction, where
PCA-based statistical shape models are well-established and pub-
licly available. We adopt the FLAME face model [Li et al. 2017] for
our main experiments, utilizing its 300 shape and 100 expression
principal components as the basis for statistical gradient �ltering.
Importantly, our framework is compatible with any PCA-based
model; it can provide a domain-speci�c gradient �ltering scheme
for an optimization problem, as long as PCA can be de�ned. We

further demonstrate applications to body models and texture maps
in the supplementary document.

We primarily compare against three approaches: (1) PCA para-
metric, which directly optimizes in the PCA coe�cient space; (2)
PCA regularization in Sec. 3.2, which optimizes vertex positions
with an additional term penalizing deviation from the PCA sub-
space; and (3) Laplacian-based gradient �ltering [Jung et al. 2023;
Nicolet et al. 2021], which �lters gradients through the Laplacian
operator. Note that all methods, including our method, can ben-
e�t from additional supervision or regularization, e.g., landmark
loss and Laplacian smoothing. To purely evaluate the e�ect of each
method, we exclude such terms in all experiments. We evaluate
these methods on non-rigid template mesh registration and inverse
rendering from a single-view surface normal map, with additional
results on di�erent tasks in the supplementary document.

5.1 Non-rigid Template Mesh Registration on Partial Scan
We formulate non-rigid registration as minimizing the distance
between a deformable source meshM B = ¹V B• F º with vertices
VB 2 R# �3 and a target point cloud PC 2 R" �3 with normals
NC 2 R" �3 . After initial rigid alignment, we establish correspon-
dences via cycle-consistent nearest neighbor matching: a pair¹p8•s8º
is included in the correspondence setC only if the matching is bidi-
rectionally consistent. The objective combines position and normal
alignments [Jung et al. 2023]:

�¹V Bº = _dist
1

jCj

Õ

82 C

ks8 � p 8k2 ¸
1

jCj

Õ

82 C

�
1 � cos¹nB

8• n?
8º

�
• (20)

where_dist = 105, and nB8 and n?
8 are the computed and given normals

at the matched points s8 and p8, respectively.
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Fig. 4. Inverse rendering from a single-view surface normal map. Parametric methods cannot reconstruct the target shape, regularization exhibits instability,
and Laplacian-based gradient filtering [Nicolet et al. 2021] lacks shape prior knowledge on occluded regions. Our method addresses all three limitations,
accurately reconstructing the target geometry using learned shape correlations. target: ©3DScanStore

Table 1. Registration quality evaluated via chamfer distance to the ground
truth mesh. For five camera viewpoints centered on the face, our method
shows consistent accuracy across varying occlusion pa�erns.

Method Chamfer Distance (mm) Avg.
Front Top Bottom Left Right

PCA parametric 1.104 1.123 1.115 1.112 1.113 1.113

PCA regularization 1.216 1.312 1.316 1.306 1.331 1.296

Jung et al. [2023] 0.957 1.078 1.058 1.074 1.072 1.047

Statistical (ours) 0.832 0.875 0.868 0.870 0.873 0.851

We evaluate our method on 20 3D full head meshes from 3DScanStore
[3DScanStore 2025], each with 29 facial expressions. To enable quan-
titative evaluation of occluded region reconstruction, we simulate
occlusions on these meshes through ray casting from 5 virtual cam-
era viewpoints (front, top, bottom, left, right). This yields 2,900 test
cases, where the complete scan serves as ground truth for measuring
chamfer distance including occluded regions. As shown in Table 1,
our method consistently achieves the most accurate reconstructions
across all viewpoints. By leveraging learned shape correlations, sta-
tistical gradient �ltering accurately reconstructs both visible and
occluded regions (Fig. 3).

5.2 Inverse Rendering from One-Shot Surface Normal Map
We formulate inverse rendering as recovering a 3D meshM =
¹V• F º from a ground-truth normal map Ngt 2 R� �, �3 and silhou-
ette mask Sgt 2 f0•1g� �, through di�erentiable rendering [Laine
et al. 2020]. The objective combines normal alignment [Giebenhain
et al. 2025] and silhouette matching [Nicolet et al. 2021]:

L¹Vº =
1

jPg j

Õ

82 Pg

kn8 � n̂8k2
2 ¸ _ silkSrender � S gtk2

2• (21)

Table 2. Reconstruction accuracy on inverse rendering from a single-view
normal map. Our method demonstrates the benefit of statistical guidance
for recovering occluded surface normals.

Method
Mean Angular Error

(degrees)

Chamfer Distance

(mm)

PCA parametric 11.347 2.109

PCA regularization 9.398 2.663

Nicolet et al. [2021] 6.438 1.924

Statistical gradient �ltering (Ours) 3.477 1.404

wherePg denotes pixels with normal error below thresholdg = 0”3
to prevent outliers from dominating gradients, Srender is a rendered
binary mask on skin regions, and _sil = 5.

We evaluate inverse rendering using synthetic normal maps ren-
dered from the same face meshes as in Sec. 5.1. Unlike the regis-
tration task where correspondences are relatively well-established
through nearest neighbor search in 3D space, this task relies on
pixel-to-pixel correspondences between rendered and target normal
maps, which often produces false matches when facial features are
misaligned. Under this challenging setting, as shown in Fig. 4 and
Table 2, our method achieves the most accurate reconstruction in
terms of both angular error and chamfer distance by �ltering out
spurious gradients from such false matches. Furthermore, unlike
Nicolet et al. [2021] which enforces smoothness and limits detailed
deformation, our method enables �ner reconstruction in visible
regions, as shown in Fig. 6.

We further evaluate our method on in-the-wild facial images,
using Pixel3DMM [Giebenhain et al. 2025] to extract target normal
maps from photographs. This scenario is more challenging than syn-
thetic data due to noise and estimation artifacts in the predicted nor-
mals. We compare against both neural network methods that directly
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