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Fig. 1. We present Re-NJF, a rotation-equivariant formulation of Neural Jacobian Fields. a) Our method can be trained on datasets without extrinsic alignment
and generalizes across classes. b) Thanks to these generalization capabilities, we can apply relative pose deformations to meshes with various shapes. c)
Furthermore, when trained on articulated pose data, Re-NJF can be used for inverse kinematics without rigging the input meshes.

Neural Jacobian Fields are state-of-the-art neural representations for defor-
mations on 3D meshes. A fundamental limitation of both the original formu-
lation and follow-up works is that the learned Jacobians are not equivariant
to ambient-space rotations of the source mesh. This hinders generalization
to shapes that are misaligned or greatly different in shape. Moreover, our
analysis shows that this rotation dependence stems from the formulation
itself and cannot be remedied with rotation-invariant features alone. Instead,
we propose a rotation-equivariant formulation of Neural Jacobian Fields,
Re-NJF, representing Jacobians in local frames of triangle faces aligned with
their normals. The frames are learned end-to-end in the gradient space of
semantic surface features distilled from 2D image foundation models. Robust
to rotations and large geometry changes, these features support learning
tangent frames and Jacobians that generalize across transformations in SO(3).
Moreover, our localized tangent frame definition also facilitates generaliza-
tion to non-rigid transformations of the input and substantial shape changes
(e.g., dog to human). We evaluate our method on human and animal pose de-
formation datasets to simultaneously demonstrate competitive performance
in the well-explored aligned data regime, as well as superior performance
in tasks requiring generalization across ambient space rotations and input
shape variations. Our code is available at https://graphics.tudelft.nl/Re-NJF.
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1 Introduction

Shape deformation is integral to turning static meshes into animated,
moving characters. Deformations are typically applied through a
lower-dimensional parameterization embodied by a control object,
such as a cage [Ju et al. 2005], a skeleton rig [Lewis et al. 2000]
or a set of point or area handles [Sorkine and Botsch 2009]. Point
handles, for example, let users control complex shape deformations
with only a few manual interventions. The construction of the
hand-crafted deformation control structures and their manipulation
require considerable domain expertise, posing a substantial barrier
to producing realistic 3D deformations. Data-driven methods, on the
other hand, can learn such a mapping between user-facing control
and the shape deformation directly from examples. At inference
time, a learned model can be applied to new meshes, enabling an
easier interactive deformation scheme, such as through text [Tevet
et al. 2022] or a given target mesh [Aigerman et al. 2022].

Neural Jacobian Fields (N]JFs) [Aigerman et al. 2022] are a popular
building block for learning shape deformations [Maesumi et al. 2025;
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Muralikrishnan et al. 2024; Yoo et al. 2024]. NJFs represent deforma-
tions in the gradient domain using a neural network conditioned
on input features (e.g., positions, normals, wave kernel signatures)
and achieve state-of-the-art performance across different shapes, in
part thanks to their triangulation agnosticism.

In our work, we push this generalizability further towards robust-
ness to significant changes in shape, so that one can learn deforma-
tions on one set of shapes and generalize to unseen shapes, even
of different classes. This requires two core properties: equivariance
to input transformations (rotation, translation, scale) and input fea-
tures robust to changes in geometry. Jacobians are equivariant to
translation and scaling. Therefore, translation or scaling of NJF’s
input will result in a corresponding transformation of the output.
However, NJFs are not rotation-equivariant, even when using either
rotation-invariant input features or features learned by rotation-
invariant networks, such as PoissonNet [Maesumi et al. 2025]. Data
augmentation with random rotations at training time also does
not solve this problem (Fig. 9). Fundamentally, the lack of rotation-
equivariance in NJF is caused by how Jacobians are represented.
Jacobians map tangent vectors (2D, intrinsic) to the deformed vector
in ambient space (3D, extrinsic). Therefore, the input shape of an
NJF must be registered to a canonical coordinate system and cannot
diverge too much from the training shape, which severely restricts
its application.

To illustrate the issue, we overfit an NJF on a single deformation
of a single mesh (Fig. 2). For the rotation used in training (0°, top
row), NJF matches the target shape. In contrast, when the input is
rotated (90°, bottom row), the output fails to match the target. In
general, any non-zero rotation results in error (vertex error plot,
right). Note that the input feature has no influence on this result:
the per-vertex noise is constant for each rotation.

Our approach, Rotation-equivariant NJF (Re-NJF), solves this
problem by decoupling deformation from extrinsic coordinates. In-
stead, we express Jacobians in local tangent frames, which ensures
that deformations naturally follow extrinsic rotations. Our local, per-
triangle frames also make our method robust to localized, non-rigid
transformations, e.g., rotating an arm around the shoulder joint.
Rather than defining tangent frames based on extrinsic geometry
(e.g., principal curvatures), we propose to learn tangent frames for
deformation from the gradients of an intrinsic input feature, inspired
by approaches for intrinsic geometric deep learning [Maesumi et al.
2025; Sharp et al. 2022; Wiersma et al. 2022]. The resulting tangent
frames are robust to deformation, smooth and consistent across
diverse geometries.

Furthermore, instead of geometric descriptors, we leverage 2D im-
age features from foundation models, inspired by recent work [Dutt
et al. 2024]. Because these features encode semantic information,
they are robust to variations in shape geometry and orientation.
When used as a conditioning signal for NJF, they significantly im-
prove deformation transfer between strongly differing shapes [Uzo-
las et al. 2025], addressing the limitation of poor cross-shape gener-
alization and forming a robust signal to learn tangent frames.

To summarize, we make the following contributions toward more
generalizable NJFs:
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Fig. 2. We train a ‘naive’ NJF and our Re-NJF to deform the source mesh to
the target mesh [Botsch and Sorkine 2008] with only per-vertex random
noise as input, then apply the learned deformation on a 90°-rotated input.
NJF produces large errors for rotated inputs, whereas Re-NJF remains cor-
rect.

e We describe a rotation-equivariant formulation of Neural
Jacobian Fields, Re-NJF.

e We propose an intrinsic approach for end-to-end tangent-
frame learning.

e We evaluate a full pipeline for rotation-equivariant NJFs im-
plemented using semantic features with PoissonNet process-
ing for robustness.

We empirically demonstrate that Re-NJF achieves generalization un-
der rotation and across diverse shape classes, including humanoids
and animals. By design, Re-NJF can be used as a drop-in replace-
ment for existing NJF pipelines based on general rotation-invariant
features, such as heat- or wave kernel signatures [Aubry et al. 2011;
Sun et al. 2009], making it a practical tool for future applications.

2 Related works

We build upon learning mesh deformations on surfaces conditioned
on semantic features obtained from 2D foundation models. In this
section, we discuss related works on surface deformations, semantic
features and rotation-equivariant processing.

2.1 3D mesh deformations

Traditional deformation approaches enable free-form 3D mesh de-
formation through user-defined manipulation handles [Sorkine and
Botsch 2009], including cages [Ju et al. 2005], point or area han-
dles [Sorkine and Alexa 2007], bone rotations within skeletal an-
imation pipelines [Lewis et al. 2000], blend shape interpolation
weights [Parke 1972, 1974] and physics-based simulation [Baraff
and Witkin 1998]. These classical deformation methods achieve ro-
tation equivariance by, e.g., propagating the local frame rotation of
handle points or via optimization [Sorkine and Botsch 2009]. How-
ever, these methods typically produce mesh-dependent solutions
that restrict generalization, require significant manual effort (e.g.,
character rigging) and can result in unnatural deformations.
Data-driven methods aim to reduce this burden by learning de-
formations from examples [Sumner et al. 2005]. One line of work
focuses on learned template models that decouple pose and shape
from training data for specific shape classes, such as human bod-
ies [Loper et al. 2015], hands [Romero et al. 2017] and animals [Zuffi
et al. 2017]. Another line of work addresses deformation trans-
fer, where a source mesh is deformed to match a target, either
through skeletal deformations [Aberman et al. 2020; Li et al. 2023]
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or free-form mesh deformations [Aigerman et al. 2022; Gao et al.
2018; Sumner and Popovi¢ 2004]. Among the latter, Neural Jaco-
bian Fields (NJFs) [Aigerman et al. 2022] achieve state-of-the-art,
detail-preserving results by modeling deformations in the gradient
domain through learned ambient-space Jacobians. NJF has since
been adopted for various pose and motion transfer tasks, facilitating
the transfer of deformation between broad shape classes [Mura-
likrishnan et al. 2024, 2025; Yoo et al. 2024]. However, NJF is not
rotation-equivariant, which can hinder its generalization, a limita-
tion that we address in this work.

2.2 Semantic features

Image foundation models trained on large-scale image datasets
exhibit strong internal semantic representations. Examples include
the DINO family [Caron et al. 2021; Oquab et al. 2024; Siméoni
et al. 2026], a series of self-supervised vision transformers, and
Stable Diffusion [Rombach et al. 2022], a diffusion model trained for
image generation. These models produce semantically meaningful
dense features that have proven effective for a range of 2D tasks,
including image segmentation, classification and correspondence
estimation [Amir et al. 2022; Oquab et al. 2024; Siméoni et al. 2026;
Zhang et al. 2024].

The 3D domain currently lacks equivalent foundation models
that produce domain-native semantic features. Therefore, several
works have explored lifting 2D features to 3D. This can be achieved
by rendering images of the 3D representations, extracting 2D image
features and re-projecting them onto the 3D surface [Dutt et al. 2024;
Wimmer et al. 2024]. These aggregated features have been utilized
for keypoint correspondences [Dutt et al. 2024; Shtedritski et al. 2024;
Uzolas et al. 2025; Weifiberg et al. 2026; Wimmer et al. 2024], dense
surface correspondences [Dutt et al. 2024; Morreale et al. 2024],
3D appearance transfer [Fischer et al. 2024], embedding language
into 3D representations [Kerr et al. 2023], 3D deformation trans-
fer [Uzolas et al. 2025], and for distilling 2D segmentation models for
3D segmentation tasks [Liu et al. 2025, 2023; Yang et al. 2024]. The
latter example demonstrates the effectiveness of surface-aware fea-
tures for conditioning pose transfer based on NJF. However, prior
work requires alignment of training and inference shapes, which is
a limitation addressed by our contribution.

2.3 Rotation-equivariant learning on surfaces

The past decade has seen many efforts to generalize deep learning
from images and text to 3D surfaces and graphs, termed geometric
deep learning [Bronstein et al. 2021, 2017]. Rotation equivariance
is a core concern here because the geometry of a shape is often
represented in an extrinsic coordinate system, which may be rotated
arbitrarily. In addition, core building blocks for neural networks,
such as convolution, require a local coordinate system that can
be rotated arbitrarily about the normal. Because we use semantic
features as input, we do not target rotation equivariance to input
coordinates. Instead, our focus is on a localized, rotation-equivariant
Jacobian operator to encode deformation. Still, we share several
characteristics with related work.

PointNet, a pioneering work in geometric deep learning,
addresses rotations by aligning the input using a transform-
network [Qi et al. 2017], inspired by spatial transformer networks
for images [Jaderberg et al. 2015]. We also learn transformation
matrices (tangent frames); however, our transformations are local-
ized (per-triangle) and aligned to feature gradients. That means our
approach is robust to non-rigid deformations of the input shape.
We include a comparison with a global transformation in our ab-
lations. Other approaches adjust the convolution kernels in CNNs
to ensure global rotation equivariance [Cohen et al. 2019; Thomas
et al. 2018] and tangent-space rotation equivariance [De Haan et al.
2021; Mitchel et al. 2021; Poulenard and Ovsjanikov 2018; Wiersma
et al. 2020]. We point readers to the survey by Bronstein et al. [2021]
for more details. The latter approaches typically apply convolution
kernels through a mapping from the tangent plane to the surface. An
alternative is to construct coordinate-free convolution-like blocks
from geometric operators, such as the (graph) Laplacian and gra-
dient operator [Kipf and Welling 2017; Maesumi et al. 2025; Sharp
et al. 2022; Wiersma et al. 2022]. We take inspiration from these ap-
proaches by aligning local coordinate systems to feature gradients.
In addition, we process semantic features with PoissonNet [Mae-
sumi et al. 2025], which is robust to arbitrary choices of global and
local coordinate systems, given rotation-invariant input features.

3 Background and problem analysis

3D Representation. We assume as input a triangular surface mesh
M := {V,F}, where V € RV>3 represents the vertex locations and
F € NP3 provides the vertex indices for F triangles. Each face is
associated with two tangent vectors x;,y; € R? orthonormal to
each other and to the face normal n;. Together, these vectors form a
right-handed local basis B; := [x;, y;, n;]. The tangent-vector pair
can be arbitrarily rotated in the tangent plane; we discuss how we
set them in the method section.

The discrete intrinsic gradient operator G € R?"*V is computed
from M and outputs the gradient vector in the per-face tangent
space spanned by [x;,y;]. We also use an extrinsic gradient operator
Gex € R3V which can be constructed from G by representing
the tangent-space gradient in ambient space coordinates.

Mesh deformation and Jacobians. The Jacobian captures the de-
formation of a surface as a map from the 2-dimensional tangent
space to the 3-dimensional ambient space. For a triangle mesh, the
Jacobian is constant on each triangle. Given the vertex positions
of a deformed mesh, we can determine the Jacobian J; € R3**? for
triangle i from the transformation of the triangle edges:

Ji [xi yil T[vi = vj, vi=v;] = [V} =V}, vj = V], (1)
where j, k, | are the vertex indices of triangle i, and v;, v; € R3 are
the (global) vertex coordinates in column format of the input and the
deformed mesh, respectively. One can find the vertex positions V’
whose Jacobian is closest to the target Jacobian J’ € R3*?F (stacked

horizontally for all faces) by solving the Poisson equation

LV =GTAJ'T, ()
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where L € RV*V is the cotangent Laplacian and A € R?F*?F the
triangle area matrix. For more details on linear deformation models,
we refer the reader to the survey by Botsch and Sorkine [2008].

The core insight of NJF is to encode the Jacobian over the surface
as a smooth, continuous field represented as a neural network. The
neural field dy takes a feature c; (defined over the mesh surface) as
input and outputs a 3 X 2 target Jacobian

J; = do(ey). )

By moving away from a per-face Jacobian to a continuous field,
the deformation can generalize to different triangulations and, de-
pending on the input feature c, to other shapes. NJF [Aigerman
et al. 2022] chooses a combination of input features per task: con-
catenating the barycenters and normals of each face or intrinsic
wave kernel signatures (WKS) [Aubry et al. 2011]. Maesumi et al.
[2025] use PoissonNet to learn more expressive features from similar
inputs (positions and normals or WKS). The deformation can be
controlled at inference time by further concatenating a global shape
encoding, such as bone-rotation angles or a text prompt to c. In
our case, ¢; € RS is defined as a semantic feature (see Sec. 4.2), such
that dg : RS — R>*?, Instead of regressing the Jacobians directly,
follow-up works [Maesumi et al. 2025; Muralikrishnan et al. 2024]
use a relative formulation, where only the difference to the gradient
of the input shape is learned:

J; =Pi(GV) +dp(ci), 4)

where P; € R3*?F is the row selection matrix, selecting the pairs
of rows belonging to the i’th face. A benefit of this formulation is
that, when dy(c;) = 0, the original vertex positions V are recovered
when solving the Poisson equation (2).

Problem analysis. The issue that arises in both the direct and
relative setting is that the Jacobian maps to coordinates in ambient
space. This means that the mapping dy(c;) is inherently tied to the
rotation of the input and output shape in ambient space, regardless
of the input features c;. Formally, we want a mesh deformation
pipeline f, parameterized by an NJF, that provides the following
rotation-equivariant property: f(VR) = f(V)R, where R € R>* is
an arbitrary rotation matrix. The conditioning features ¢; must be
rotation-invariant for this equivariance to hold. The central question
of the current work is: how should we design an NJF to guarantee
this property for global rotations and, ideally, per-part rotations of
the shape?

4 Method

We first propose a rotation-equivariant formulation of Neural Jaco-
bian Fields and its parameterization. Secondly, we discuss the se-
mantic features used to condition deformation and tangent frame re-
gression. Thirdly, we explain the deformation conditioning scheme.
Lastly, we describe the training procedure.

4.1 Rotation-equivariant neural Jacobians

To learn rotation-equivariant Neural Jacobian Fields (Re-NJF), we
decouple the Jacobian from ambient space by representing learned
Jacobians dj (see (3)) in a local tangent frame B; € R¥*3 (see Fig. 3).
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The ambient-space per-face Jacobian is then given by
Ji =Bidp(cs), )

where B; := [x;,y;,n;]. Note that the same basis is assumed for
the intrinsic gradient operator in (2). The orthonormal tangent
vectors x;, y; are determined up to a rotation about the normal vector.
Typically, x; is set to an arbitrary direction, such as the first edge of
the corresponding triangle. This ties the tangent frame to the exact
triangulation, hindering generalizability. Another option is to align
x; and y; to the (smoothed) principal curvature directions of the
surface. While this might work for similar source and target shapes,
it hurts generalization to target shapes with different geometry, as
demonstrated in our experiments (see Tbl. 1).

Inspired by work on intrinsic geometric deep learning [Maesumi
et al. 2025; Sharp et al. 2022; Wiersma et al. 2022], we align the
tangent frame to a learned function oy: RS — R? of the gradient
of semantic features S € RV*®
face:

, which outputs a single 3-vector per

x; = [04(GextS)]is yi =n; X X;. (6)

We detail the input features S in the following section. The simplest
choice for the tangent-frame head, oy, with gradient vectors Gex:S,
is their linear combination expressed as

0¢ (Gexts) = Gexts¢’ (7)

where ¢ is an S-dimensional vector weighing the most informative
semantic features, similarly to the first principal component vector
in principal component analysis (PCA). In consequence, B; in (5)
is a learned function, because it is defined by x;. Furthermore, x;
is guaranteed to be orthonormal to n; because it is computed as a
gradient that lies in the local tangent plane and x; is normalized.

In our initial experiments, we also explored a multi-layer, non-
linear tangent-frame head (using vector non-linearities [Maesumi
et al. 2025; Wiersma et al. 2022]); however, since we already process
S using PoissonNet (see the following section), this did not improve
our results.

Why local bases? An alternative to a per-face basis is to find a
global coordinate basis for the entire shape and align the mesh to this
basis before applying NJF; however, this would limit the applicability
of NJF to global rigid rotations. In practice, deformations might be
applied locally, such as rotating an arm or a leg. Learning a local
basis makes our formulation robust to even such local deformations
and rotations. See Fig. 7 for an example.

Singularities. The proposed method could run into singularities
when regressing the frames. However, since we do not trace any
vector fields but integrate Jacobians expressed in the regressed
frames using the discrete Poisson equation, we are guaranteed to
get a result.

4.2 Robust semantic features

As input to both (6) and the NJF, we use the semantic features S com-
puted using Surface-Aware Semantic Features [Uzolas et al. 2025],
which are robust to geometric variation across shape classes and
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Fig. 3. Overview of our method. As input, we receive a mesh with per-vertex semantic features s;, which are passed to b,, for preprocessing. Next, we construct
the tangent frame B by aligning the vector x with the learned feature gradient (upper middle). We then learn how to deform each face by regressing a Jacobian
conditioned on aggregated per-face features cy (lower middle). Finally, we align the Jacobians to an ambient space and solve the Poisson equation to obtain

the output mesh vertices.

largely rotation-invariant!. They demonstrate that their features
allow for a mapping between similar classes (e.g., horse <> dog) as
well as distant classes (e.g., horse <> human), while also separat-
ing limbs (right hand vs. left hand) when conditioning an NJF and
learning mesh deformations across categories. However, computing
per-face features as the averages of associated per-vertex semantic
features distilled from image-based feature extractors ‘as-is’ could
result in issues. Due to projective occlusions, some surface regions
may not receive any features. In addition, a high-frequency varia-
tion of extracted features makes the tangent bases sensitive to noise.
A known solution is to compute the bases on a smoothed input
function or compute a smoothed vector field [Diamanti et al. 2014;
Panozzo et al. 2014]. To preclude a manually set smoothing factor
and allow additional non-linear filtering, we pass the semantic fea-
tures through a PoissonNet, b,, with trained parameters w, before
computing (6) and (4), which also handles the required smoothing.
We refer to the raw semantic features as S, and the smoothed seman-
tic features as S, such that b,, : §x M — S. Note that, in contrast
to a base NJF, the network dy is not conditioned on any spatial
information and operates purely on the semantic features.

4.3 Learning relative pose deformations

A possible application includes training NJF on a dataset of mesh
deformations, each paired with a global pose encoding. At inference,
the model can be used to deform unseen meshes for a new pose, with-
out requiring an explicit skeleton or parametrization. Typically, the
pose is encoded relative to some ‘canonical’ pose, such as a T-pose.
This limits the trained model to inputs in the same canonical pose.
Alternatively, one can learn to encode the pose explicitly [Aigerman
et al. 2022] or implicitly [Maesumi et al. 2025], and let a network
learn how to deform any input mesh to an absolute target pose.
However, training a generalizable pose encoder is challenging on
its own and typically requires extrinsic information to encode how
body parts are arranged in Euclidean space. Given our localized
rotation-equivariant formulation, it is now possible to apply our

'We classify the features as “largely rotation-invariant”, because they are dis-
tilled from 2D image models that can be sensitive to upside-down inputs: while
Dutt et al. [2024, supplement "Robustness to Rotation"] demonstrate the rotation-
invariance of such features, Uzolas et al. [2025] observe a that performances degrades
if meshes flipped upside down. However, we show that our core contributions are
compatible with fully rotation-invariant features, such as WKS (see Tbl. 1).

method to any starting configuration and target deformation, with-
out learning how to encode the input shape pose. To demonstrate
the benefit of this new capability, we condition deformations on
relative target poses. This makes it possible, for example, to rotate
the arm on a mesh in any input pose by a given angle.

In our experiments, we derive relative pose vectors, p, from the
kinematic tree of two template models, namely SMPL [Loper et al.
2015] and SMAL [Zuffi et al. 2017]. As these models differ in their
number of bones and connectivity, we denote them as p* and p® for
human and animal, respectively. These vectors encode the relative
bone rotations while omitting the global rotation component. Next,
they are jointly embedded with the semantic features via an end-to-
end learned function. As p" € R® and p? € R!%? differ in size, we
parameterize them as two separate, small MLPs:

- _ ,h/ h - _ ,a(.a

$j =py(p".s;) and §; = p3(p“,s)), 3)
with §; € RS. These feature vectors are then averaged for each face
(Sec. 4.2) and used as inputs to the Jacobian regression network, dp,
(5). After training, this formulation allows choosing either pose rep-
resentation to drive the deformation of humanoid or animal meshes
alike, as the semantic features implicitly align corresponding parts
across classes. Moreover, adopting relative deformations eliminates
the need for a canonical pose shared between the two templates
and opens a path towards more classes in the future.

4.4 Training

We train dy, o, b, p)’,‘, and P4 end-to-end by learning how to de-
form a random source mesh M to match a target mesh M;, given
the ground-truth relative pose embedding. Parameterizations are
discussed in the experiments. Remarkably, we find it sufficient to
indirectly supervise o4 with commonly used task-specific deforma-
tion losses to produce smooth frames that generalize across shapes.
We predict Jacobians J; (5), solve for the vertex positions (2), and
iteratively update the network parameters via gradient descent
by minimizing £ = £, + L; with losses proposed in NJF [Aiger-
man et al. 2022]. The vertex-vertex loss L, = 3;|m?| ||v?t - vi||?is
weighted by the vertex lumped mass m{ and computed after shift-
ing both prediction and ground truth to their center of mass. The
Jacobian loss L; = 3;|a;l ||]?t -J; ||? uses the Frobenius norm and is
weighted by face area g;.
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5 Experiments

We first validate our rotation equivariance and compare it to prior
work. Then, we demonstrate effective generalization when train-
ing on a varied-shape dataset, and also ablate our design decisions.
Lastly, we show that our generalized deformation model improves
performance in a downstream optimization task. Our code is avail-

able at https://graphics.tudelft.nl/Re-NJF.

5.1 Rotation equivariance

First, we validate the rotation equivariance property of our method
in an isolated setting, where input features and changes in geometry
do not play a role. To this end, we overfit an NJF on a single source-
target ellipsoidal mesh pair M — M, and apply it to M augmented
by ambient-space rotations. We expect a naive approach matching
a vanilla NJF to only perform well with the original M;. In contrast,
our method should yield constant performance across all input
rotations.

In this simplified setting, we parameterize oy as a linear trans-
formation and dg as an MLP. Since no mapping between shapes
is needed, we sample a fixed set of random Gaussian features
s; ~ N(0,1I). We follow Sec. 4.4 to train our Re-NJF, but omit b, and
the pose conditioning, as they are not necessary in this setup. We
similarly omit the pose encoder for the vanilla NJF.

At test time, we evaluate both models on M, rotated around the
Y-axis in constant increments (see Fig. 2) and we confirm that our
method produces a constant output and error for all rotations. In
contrast, the naive method faithfully reproduces the target at the
training angle of 0°, but fails under ambient space transformations.

5.2 Generalized setting

We demonstrate the effectiveness of our Re-N]JF on an end-to-end,
generalized task: learning relative pose deformations for arbitrary
humanoid and animal meshes. We learn generalizable deformations
across classes by leveraging semantic features. Importantly, thanks
to rotation equivariance, we do not need to train a pose encoder or
align meshes to a canonical pose during training or inference.

Data. We construct a dataset with humanoid and animal shapes
(see Fig. 5). For humans, we randomly sample body shapes from the
STAR model [Osman et al. 2020] and use poses from the AMASS
dataset [Mahmood et al. 2019]. For animals, we randomly sample
shapes from the SMAL model [Biggs et al. 2020; Zuffi et al. 2017] and
obtain poses from Animal3D [Xu et al. 2023] with additional aug-
mentation. Our training source-target mesh pairs match in shape,
but differ in pose. Within each category (humans and animals), all
meshes share the same order of vertices and the same connectivity,
which makes their per-vertex features interchangeable. Therefore,
we pair source meshes with randomly sampled features from a pre-
computed set during training to reduce the feature computation
time. We follow this to build a training set as well as separate vali-
dation and test sets with distinct poses and features for quantitative
evaluation. For qualitative evaluation, we further test on unseen
animals from DT4D [Li et al. 2021] and TOSCA [Bronstein et al.
2008], as well as humans with challenging high-frequency surface
details from CAPE [Ma et al. 2020; Pons-Moll et al. 2017], and other
humanoids [Maesumi et al. 2025]. See Supplement B.2 for details.
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Baselines and implementation. We benchmark our method as a
drop-in extension (“+ Rot.-Eq.”) of mesh deformation heads dy in
prior works. In PoissonNet [Maesumi et al. 2025], dy is parameter-
ized as a modulated Vector MLP (VectorMLP). In NJF [Aigerman et al.
2022] and SAF3D [Uzolas et al. 2025], dy is an standard MLP. We
adapt unrestricted Jacobian J; € R3*3 formulation to solve (2) when
“+ Rot.-Eq.” and MLP are used. See Supplement A for a discussion.

We further evaluate the performance difference between the de-
formation heads when using the vertex positions (XYZ) as input,
compared to the semantic features denoted as S. Parameterizations
of gy are evaluated and discussed in the ablations.

We preprocess the semantic features with b,,, which is parame-
terized as three Poisson blocks with a hidden dimension size of 128,
each deformation head contains 5 layers of size 128, pf, and p}},’ are
two-layer MLPs of size 128. See Supplement B.1 for more details. We
train all networks end-to-end with a batch size of 16, where each
batch consists entirely of either human or animal meshes, making
use of the AdamW optimizer [Loshchilov and Hutter 2019]. Due to
the pose imbalance, we further sample animal meshes with only a
30% probability. We find that the models stabilize with respect to
their validation metrics after around 120k iterations, and therefore
choose the model for final evaluation at 150k training iterations.

Metrics. We report three common metrics [Aigerman et al. 2022]
while comparing predictions for 2000 test pairs to ground truth: L2-
V as the average L2 error between sphere-normalized vertices scaled
by 10?%; L2-J as the average L2 error between Jacobians scaled by
10; and L2-N as the average L2 error between face angles between
prediction and target in degrees. See Supplement B.3 for details.

Results. We evaluate all methods with source test meshes under-
going a full range of rotations around a vertical axis. Rotations are
restricted to a single axis for visualization clarity only. However, our
contribution will lead to the same result for any general rotation
(provided the input features are available). We do not recompute
the features for each new angle.

Only our extension (“+ Rot.-Eq.”) produces consistent results
across source mesh rotations. This leads to a competitive perfor-
mance for the training poses (see Fig. 4b, “No Rotation”) and a
superior mean performance when all poses are considered (“With
Rotation”). In contrast, the baselines produce high errors for source
mesh orientations different from the training pose (0°), which is
qualitatively reflected in unnatural outputs seen in Fig. 5. Addition-
ally, we generally observe a slight degradation in performance when
conditioning on semantic features (S) rather than world-space coor-
dinates (XYZ) (see ears of the cow in the first row and the hands
of the human in the third row in Fig. 5). However, we consider this
trade-off well compensated by cross-class generalization enabled by
S. Finally, we find that the VectorMLP deformation head generally
outperforms MLP. Therefore, we use the VectorMLPs + Rot.Eq. as
our Re-NJF model in all consecutive experiments.

Smooth basis. In Fig. 6, we observe that our learned tangents x;
(6) form smooth vector fields. A comparison of the animal’s front
right legs to the human’s right hand showcases the similarity of
directions between paws and hands across classes. This allows our
method to learn generalized deformation between diverse meshes.



Rotation-Equivariant Neural Jacobian Fields for Generalizable 3D Mesh Deformations « 7

With rotation No rotation 50 -
L2V L2] L2-N L2V L2] L2-N IR
>

MLPs + Rot.-Eq. 5.36£3.94 4625189 14594672  536£394 4625189 14598672 &y . | "
MLPg 2253+14.07 9.38+3.73  32.26+1545 5.74+3.60 4.84+191 13.36+6.03 — ectorMLPxvz
MLPxyz 19.65+15.04  8.36+£3.98  30.45+17.75 4434239  4.03£1.65 11.28+5.17 JectorMLPs + Rot. ~ Eq.
VectorMLPs + Rot-Eq.  5.18+£3.92  4.25+1.77 13.48+6.23 518+3.92 4.25+177 13.48+6.23 0 -
VectorMLPg 26.17+16.86  9.86£4.66 35.01£17.04  6.60+4.94  4.46+1.96 14.97+7.51 o T
VectorMLPxy 20.02+15.41  7.8744.09 31.49+18.63 4.27+2.39 2.98+1.29 9.87+4.33 Rotation :n gle (rad)

(a) ‘With Rotation’ values are averaged across 360° range of source-mesh rotations (60 steps). ‘No Rotation’ (b) The baseline’s L2-V errors (red, blue) increase
only reports the results at the training pose of 0°. Our method (“+ Rot.-Eq.”) achieves consistent results across with rotation, while ours (green) remains con-
all angles. We select VectorMLPs + Rot.-Eq. for the following experiments. stant.

Fig. 4. Test of different deformation heads (VectorMLP [Maesumi et al. 2025] and MLP [Aigerman et al. 2022; Uzolas et al. 2025]) and input features
(XYZ [Maesumi et al. 2025] and S [Uzolas et al. 2025]) either with our method (“+ Rot.-Eq.”), or without our method.
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Fig. 5. Qualitative comparison of our extension (“+ Rot.-Eq.”) with the baselines when deforming a test Source mesh to a Target mesh. While all methods
produce plausible results at a training orientation (0°), only our method produces consistent results when the Source mesh is rotated 180° around its vertical
axis before the deformation is applied. We rotate the mesh back after deformation for visualization purposes. Blue color denotes per-vertex L2-V errors.

unused in training. By manually defining pose vectors p” and p?,
we can repose even unrigged meshes. This is enabled by our relative
pose formulation, as it removes the need for absolute alignment
of the source mesh poses during training and inference. Moreover,
thanks to the semantic features, our method produces realistic defor-
mations not only for pose codes matching the shape class (within-
class, top row), but also for mismatched pose and shape classes
(in-between-class, bottom row). This allows us to apply SMLP mo-
tion sequences from the test set of the AMASS human capture
dataset [Mahmood et al. 2019] to both animal and humanoid shapes

Fig. 6. Visualization of learned tangents x; for three shapes. The cross-class
consistency supports generalized deformation transfer.

Generalized deformation results. In Fig. 7, we demonstrate success-
ful cross-dataset generalization by deforming shapes from datasets
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without their prior alignment (see Fig. 8). The produced motion
sequences are smooth and natural, even for unseen shapes.

Training orientation. Beyond inference generalization, we demon-
strate the benefits of Re-N]JF for training. For this purpose, we sample
random global rotations across all axes and consistently augment
source and training shapes, M, and M;, during training. In Fig. 9,
we show that only our method exhibits convergence behavior identi-
cal to training without random rotations, whereas the other baseline
methods converge considerably slower or fail to converge at all. We
find that the baselines struggle to converge under this augmenta-
tion as they are unable to learn the augmented source shape space.
The nearly constant learning curve of VectorMLPs underpins that
semantic features alone cannot disambiguate the source orienta-
tion. In contrast, the performance of our method combining these
features with our equivariant formulation is not affected by the
augmentation.

5.3 Ablations

We ablate other important design choices included in our method
quantitatively in a within-class setup (Tbl. 1) and qualitatively in
a in-between-class setup (Fig. 10). First, we find that replacing the
semantic features S [Uzolas et al. 2025] with Wave Kernel Signatures
(WKS) [Aubry et al. 2011] retains rotation equivariance and good
performance within-class. However, unlike Re-NJF with S, WKS
struggle to generalize in-between-class. This demonstrates the se-
mantic features’ value for generalized deformation learning across
widely varying shapes.

Second, we evaluate three alternatives for our local tangent
frames B;: a global frame defined as the orthonormal basis obtained
by the three principal components originating from PCA, account-
ing for consistent orientation and handedness (Global); local frames
calculated by setting x; (6) to the first principal curvature direc-
tion (PC); and local frames calculated by replacing x; consistently
with one of the triangle’s edges (Face). We find that our full Re-NJF
outperforms all three alternatives both within and in-between-class.
While Global frames also reproduce plausible generalized targets,
they feature noticeable local artifacts (see Fig. 10).

Lastly, we show that removing the feature preprocessor b,, (no
b), as well as using an absolute rather than our relative pose for-
mulation (absolute pose), both substantially increase the errors. A
visual example of the effect of the feature processing is shown in
Supplement C.

5.4 Application: Inverse kinematics without rigging

We demonstrate an application of our trained Re-N]JF for inverse
kinematics. Here, in contrast to direct pose control, we optimize
for a pose yielding a deformation satisfying a target constraint.
For example, we articulate a human for a given hand reach. This
typically requires a mesh rigged with a skeleton. However, since our
Re-NJF represents a space of expected deformations learned from
skeletal data, we can use it in place of common kinematic techniques,
such as Linear Blend Skinning (LBS), to uniquely optimize poses
even for unrigged meshes without assigned skeletons.

SA Conference Papers ’26, December 01-04, 2026, Kuala Lumpur, Malaysia.

Table 1. Quantitative ablation results in a within-class setup where shape
and pose classes match. Results are averaged across all angles, equivalent to
“With Rotation” in Tbl. 4a. First, we compare different input features for O,
as well as using an absolute pose as input. Second, we evaluate alternative
parameterizations of the local tangent frames. Lastly, we assess the impact
of omitting b,,.

Variant L2-V L2-] L2-N

Ours 5.18+3.92 4.25+1.77 13.48+6.23

INPUT FEATURES AND POSE

+ WKS 5.70£3.68 4.48+2.17 14.41+7.74
+ absolute pose  6.70+4.38  4.87£1.94  16.29+6.73
COORDINATE FRAME

+ Global 11.86+£8.63  7.31x2.65  26.03+11.21
+PC 9.29+5.48 6.63+£2.51 20.92+9.43
+ Face 8.18+4.95 6.66+2.41 20.68+8.81
FEATURE PROCESSING

+No b, 8.69+4.70 6.15+2.16 21.54+8.58

Optimization. Let ¥(v;p) — R3 be a function that deforms mesh
vertex v based on a pose vector p by solving the Poisson equa-
tion (2) for Jacobians produced by our Re-NJF. We solve for p that
minimizes Ejx + Earap. Here, Eagrap is an as-rigid-as-possible reg-
ularizer [Sorkine and Alexa 2007] implemented by penalizing the
deviation of the singular values of J; from 1 [Rabinovich et al. 2017],
and Ey (p) = X;|m?| ||Vfgt —¥(vi; p))||? enforces the deformation for
a specified target position vl{g " of a vertex v; with a lumped mass my.
The vertex pairs are user-defined by selecting all vertices contained
within two specified spheres (see Fig. 11). We use a differentiable
least-squares Poisson solver [Aigerman et al. 2022; Maesumi et al.
2025] and optimize the pose vectors end-to-end for 500 iterations
with the AdamW optimizer and a learning rate of 0.005.

Baselines. We compare our Re-NJF against a variant of ¥ with
VectorMLPxyz to demonstrate the benefit of rotation equivariance
in this setup. Note that the input source meshes are purposefully
rotated to highlight the shortcomings of VectorMLPxy . We further
compare against a baseline (ARAP-only), where we directly optimize
the relative per-face Jacobians with an objective Ejx + 1000 Eprap.
The higher Eqpap weight compensates for the lack of model con-
straint.

Results. While all methods shown in Fig. 11 succeed in placing
the vertices at the correct targets, our Re-NJF produces the best
visual results, such as a realistic bend at the elbow to enforce the
hand’s position (top row), or a natural bend of the bear’s leg and
torso (bottom row). In contrast, VectorMLPxyz produces spurious
deformations of other limbs, and ARAP-only is not able to preserve
the volume of the limbs (top row). This demonstrates the importance
of rotation equivariance also for inverse problems and suggests that
Re-NJF could help with restricting deformations in other optimiza-
tion tasks. This comes at a cost of only a modest computational
time increase from 48.6 ms (VectorMLPxyz) to 56.1 ms (ours) per
optimization step on an RTX 3090.
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Human skeleton conditioning (p") Sec. 4.4

Fig. 7. Results of our Re-NJF when deforming humanoid [Ma et al. 2020; Maesumi et al. 2025] and animal [Li et al. 2021] shapes from datasets unused in
training. We manually define pose conditioning vectors from either the human skeletal model (p”?) or the animal skeletal model (p?) (the middle insets) and
mix them across humanoid and animal shape classes. In the top row, the skeleton and shape classes match (“Within-class”), while in the bottom row, they are

swapped (“In-between-class™). Our method achieves a realistic reposing of animal meshes, even with the human conditioning signal, and vice versa.
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Fig. 8. Three different animation sequences from the AMASS test set [Mah-
mood et al. 2019] parameterized by SMPL bone rotations applied to meshes
not seen during training.

6 Conclusion

We presented Re-NJF, a rotation-equivariant formulation of Neural
Jacobian Fields. We achieve rotation equivariance by expressing the
Jacobians in local tangent frames aligned with the semantic feature
gradients. Our formulation is independent of the input and output
ambient space orientations, as well as initial mesh poses, allowing us
to apply deformations at inference time without aligning meshes to a
predefined training pose, e.g., a T-pose. Because our tangent frames
are aligned to semantic feature gradients, our approach generalizes
across widely varying shapes and enables learning deformations
across shape classes such as humans and animals.

Limitations and future work. Our pipeline uses semantic features
distilled from 2D projections. Meshes with strong occlusions and

intersections, such as those in the MOYO dataset [Tripathi et al.

VectorMLPxyz
] 0.15 A
=2 VectorMLPs
c
.2
= 0.10
2
=
> 0.05 - VectorMLPs + Rot.-Eq.
T T T T T
1000 2000 3000 4000 5000
Iteration

Fig.9. Learning curves when training with the original training set (dashed)
and with rotationally augmented training set (solid) based on our train-
ing loss for corresponding validation sets with a matching augmentation
condition. Only our method (green) demonstrates the same convergence
behavior under both conditions (curves overlap).

INP. FEAT. COORDINATE FRAME
Source Ours KS Global PC Face

Fig. 10. Qualitative ablation of our design choices when applying a relative
human pose vector p”* to an animal shape in an in-between-class setup. p”
is manually defined as a 90° human collar bone rotation. WKS represents
alternative input features, while Global, PC and Face are alternative tangent
frame formulations.

2023] used in PoissonNet [Maesumi et al. 2025], yield poor seman-
tic features. Despite the smoothing, near-zero gradients from poor
semantic features can leave the tangent vectors prone to sign flips.
Furthermore, computation time is a bottleneck, as extracting the
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Fig. 11. Results of our inverse kinematics pipeline. The blue and green
spheres mark the initial and target surface points. End-to-end optimization
of the pose embedding in Re-NJF (Ours) produces articulated deformations
despite the meshes not being rigged.

semantic features takes several minutes per mesh. However, as our
method is compatible with other intrinsic features, it would, there-
fore, benefit directly from improvements in the quality and efficiency
of semantic features. We have focused on relative reposing, given
relative pose encodings, because it is difficult to encode absolute
poses with only intrinsic information. Therefore, our method could
benefit from an improved absolute pose encoder. Lastly, our method
inherits some limitations of NJF and PoissonNet, for example, a
restriction to single-component meshes. The rotation equivariance
contribution itself is not limited to single-component meshes.
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A Poisson equation with extrinsic gradient operator

PoissonNet regresses restricted Jacobians J; € R?*3 while NJF uses
unrestricted Jacobians in their implementation, i.e.,J; € R3*3, When
extending PoissonNet to use our proposed method and when using
NJF, we solve the linear system (see (2)) with unrestricted Jacobians.

In our implementation, we use an extrinsic gradient operator.
Here, we provide the derivation of the corresponding Poisson equa-
tion. For convenience, we set up a coordinate transform matrix that
composes the local coordinate systems in a 3F X 3F block-diagonal
matrix.

B;
B= , (1)
By
where B is orthonormal by construction, i.e, BTB =BBT =1.

We seek to rewrite the following Poisson equation in the ambient
coordinate system

LV =GTAJ'T, @)

where G is a 2F X V matrix, ]’ a 3 X 2F matrix and A is a 2F X 2F
diagonal matrix with twice-repeated triangle areas.

We can write the extrinsic gradient using a coordinate transform.
The intrinsic gradient outputs tangent vectors, resulting in the 2F
row dimension. For ease of notation, we add a row/column of zeros
for the normal direction to both the gradient and Jacobian matrices,
such that G is of size 3F X V, J is of size 3 X 3F and A is of size
3F X 3F. Then, we can write the following identities

Gext = BG, (3)
G =B" Gyt (4)

These identities let us rewrite the Poisson equation (2) as
LV =G ,BAJ'". (5)

Note that J’ is a composition of per-face Jacobians computed as
Ji = Bydy(c;). We factor out B by setting J; = dg(c;) and J; = B;J,.
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Equation 5 can then be written as
LV’ = G] ABJ' BT, (6)

which we use in our implementation. J’ and the underlying neural
network dy operate entirely in the local coordinate frame, as they
are wedged between B and BT, resulting in the desired rotation-
equivariance property.

B Implementation details
B.1 Models

For our generalized models, we parametrize b,,: S x M — S as a
PoissonNet consisting of three Poisson blocks, each containing three
modulated VectorMLPs with a hidden dimensionality of 128. Since
the semantic features have a size of 256, we embed them into a
128-dimensional space using a learned linear layer. o : RS - R3
is parametrized as a simple linear layer without an activation func-
tion and normalization layer. We utilize two different deformation
heads for dy: RS — R3*2_either a 5-layer VectorMLP or a standard
MLP. In the case of the MLP, we parametrize dg as 5 linear layers
with LayerNorm normalization [Ba et al. 2016], and GeLU activa-
tion function [Hendrycks and Gimpel 2016], except for the last
layer. The relative pose embedding networks, p4: R® x RS — R®
and p;’: R'92 x RS — RS, are parametrized as two linear layers with
LayerNorm and GeLU activation after the first layer. In Sec 5.1, dp
is parameterized as a 5-layer MLP

B.2 Data

Each dataset entry consists of a pair of source and target meshes,
corresponding to the same shape parameters, f, but differing in their
pose parameters, p (see Sec 4.3). A mesh is then obtained via M? =
SMAL(p?, %), and likewise for the humans M" = STAR(p", ),
where the superscript denotes either animal or human.

Poses. AMASS [Mahmood et al. 2019] contains 2,848,368 absolute
training, 253,972 validation, and 20,848 test poses. During training,
we randomly sample poses from the training set with uniform prob-
ability for each source-target pair. Animal3D [Xu et al. 2023], on
the other hand, only contains 3,065 training and 320 test poses. As
the animal pose dataset is several orders of magnitude smaller than
the human pose dataset, we devise a different sampling strategy
for the training animal poses. We fit a Gaussian distribution to the
bone angles in the dataset and then randomly sample angles from
it instead. However, we maintain the original poses for validation
and the test set. For the validation set, we use 250 human and 250
animal validation pairs. Note that we split 100 validation samples
from the train set for animals, as no separate validation set exists.
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Our test set contains 2,000 pairs, with equal numbers of animals
and humans.

We calculate relative poses, p/" and p?, by first converting each
bone b’s rotation from Rodrigues notation to a rotation matrix Ry.
Each relative bone rotation is then given by Rl’fl = R;,srcRbltgt’
where Ry, g, is the absolute rotation of bone b in the source pose,
and Ry is the corresponding rotation in the target pose. The
relative rotations for each bone are transformed back to Rodrigues

notation and concatenated to form p” and p®.

Shapes. We sample human shapes parameters f# of the human
parametric SMPL model [Loper et al. 2015] from a Gaussian dis-
tribution: ﬂh ~ N(0,21), with /J’h € R Tn addition, we ran-
domly sample the gender with uniform probability. For animal
shapes from SMAL [Zuffi et al. 2017], we sample from a multi-
modal Gaussian distribution: ¢ ~ N (g, %I), where y, denotes
the mean shape of each animal class and is sampled from the set
A = {nippo> Heats Hdog» Heows Hhorse } With equal probability for each
class. We only use the top 20 principle shape components and set
B¢ € R¥, which is smaller than the human shape space, as we ob-
serve stronger artifacts with SMAL when using higher-dimensional
shape parameters.

Features. To mitigate the high computational cost of distilled
semantic features during training [Dutt et al. 2024; Uzolas et al.
2025; Wimmer et al. 2024], we precompute representative subsets of
unique features and stochastically apply them across our datasets.
We utilize the pre-trained ’All-shape’ model [Uzolas et al. 2025] for
extracting the semantic features. Specifically, we extract semantic
features for 100 human- and 100 animal training meshes, forming
two feature sets S% = {S¢}1%0 and Sh = {s{’}}g‘; Each element in
either feature set has the same size because the mesh topology is
shared within the shape class. In addition, we construct separate val-
idation and test sets for the features and poses used for quantitative
evaluation. Since the train, validation and test sets are constructed
separately, there is no overlap of pre-computed features between
them. As such, our experiment demonstrates that even while train-
ing on a smaller set of reused features compared to the shape sample
count, our method achieves generalization both between the train-
ing and test sets, as well as between shape classes. Moreover, due to
their smaller size, we compute unique sample-specific features for
each instance during experiments in datasets other than AMASS
and Animal3D. This further demonstrates that our learning strategy
does not restrict the capability of our model in unseen data setups.

B.3 Metrics

We report metrics as defined in NJF [Aigerman et al. 2022]. Metrics
are computed for each mesh after unit-sphere normalization. The
vertex error is defined as:

14
1 N
L2V = o Z (19 = vill2 x 102, )

i=1

where V is the number of vertices, v; is the i-th vertex obtained
after solving the Poisson equation, and v; is the i-th ground-truth
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vertex. The Jacobian error is calculated as:
1 &
L2-] = l—,; 17 ~Jrlle x 10, ®)

where F is the number of faces, J r is the predicted and Jacobian for
the f-th face, and J ¢ is the ground-truth Jacobian for the f-th face.
The normal error, reported in degrees, is given by:

F
1 180 .
L2-N = 7 fil 7 arccos (nf : nf) > ©)

where fif and ny are the predicted and ground-truth unit normals for
the f-th face, respectively, and F is the number of faces. where fif is
the normal of face f after the Poisson solve, and ny the ground-truth
normal.

C Visual effect of feature processing

Fig. 1visualizes our tangents and demonstrates the impact of smooth-
ing the features x; using PoissonNet. The tangents computed from
processed features form a smoother vector field across the surface.

Without soothing

Fig. 1. A tangent field computed from semantic features without (left) and
with (right) smoothing using a trained PoissonNet.
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