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Figure 1. We present Neu-PiG, a method that learns spatially smooth and temporally coherent deformations from dynamic point clouds.
Starting from input point clouds (left), a unified latent space parameterized by an initial reference mesh (middle) is optimized through
multi-scale grids to produce high-fidelity deformations (right) without relying on strong priors or correspondences.

Abstract

Temporally consistent surface reconstruction of dynamic
3D objects from unstructured point cloud data remains
challenging, especially for very long sequences. Existing
methods either optimize deformations incrementally, risk-
ing drift and requiring long runtimes, or rely on complex
learned models that demand category-specific training. We
present Neu-PiG, a fast deformation optimization method
based on a novel preconditioned latent-grid encoding that
distributes spatial features parameterized on the position
and normal direction of a keyframe surface. Our method
encodes entire deformations across all time steps at vari-
ous spatial scales into a multi-resolution latent grid, pa-
rameterized by the position and normal direction of a refer-
ence surface from a single keyframe. This latent represen-
tation is then augmented for time modulation and decoded
into per-frame 6-DoF deformations via a lightweight multi-
layer perceptron (MLP). To achieve high-fidelity, drift-free
surface reconstructions in seconds, we employ Sobolev pre-
conditioning during gradient-based training of the latent
space, completely avoiding the need for any explicit cor-
respondences or further priors. Experiments across diverse
human and animal datasets demonstrate that Neu-PiG out-
performs state-the-art approaches, offering both superior
accuracy and scalability to long sequences while running
at least 60× faster than existing training-free methods and
achieving inference speeds on the same order as heavy pre-

trained models.

1. Introduction
Understanding and modeling how shapes in the surrounding
world evolve over time is fundamental to perceiving and in-
teracting with dynamic environments. Whether observing
a human performing complex motions, an animal moving
through its habitat, or an object undergoing physical trans-
formations, capturing such spatiotemporal deformations is
key to reasoning about the physical and semantic struc-
ture of the world. This capability underpins a wide range
of applications in augmented and virtual reality (AR/VR),
robotics, autonomous systems, and computer vision, includ-
ing realistic motion capture, scene reconstruction, and hu-
man–robot interaction.

A common strategy to represent deformable shapes is
through parametric models, which provide a controllable
yet expressive space of possible deformations. Promi-
nent examples include SMPL [40] and SMPL-X [53] for
human bodies, FLAME [34] for facial geometry, and
MANO [57] for hands. While these models offer com-
pact and interpretable control, they are inherently limited
to the object categories for which they were designed. To
move beyond category-specific representations, template-
free methods have been proposed, which can broadly
be divided into optimization-based and learning-based
approaches. Optimization-based methods (e.g., Dyno-



Surf [71], PDG [25]) directly optimize surface deforma-
tions for each sequence, producing high-quality results but
at the cost of long runtimes. In contrast, learning-based ap-
proaches amortize reconstruction through category-specific
priors, achieving fast inference but struggling to generalize
beyond their training domain. Despite their complementary
strengths, a general, efficient, and category-agnostic ap-
proach for modeling dynamic shape deformations remains
an open challenge.

To address these limitations, we propose Neu-PiG, a
novel method which introduces Neural Preconditioned
Grids as an efficient representation for fast estimation
of spatially smooth and temporally coherent deformations
from dynamic point cloud sequences. Starting from an ini-
tial mesh estimate as a canonical reference, we learn the
complete deformation across all time steps via a novel sur-
face encoding that is parameterized by vertex positions and
normal directions. To enable this without relying on corre-
spondences or restricting the method’s generalizability by
strong priors, our key insight lies in the geometric struc-
ture and the associated optimization procedure of the latent
embedding. We store learnable feature vectors at different
spatial scales in a multi-resolution voxel grid and aggregate
them for a given query point via trilinear interpolation and
averaging. This ensures that we learn the absolute defor-
mations at each level rather than a decomposition of them
which would be sensitive to small deviations and thus sig-
nificantly less stable during optimization. We further stabi-
lize this process by applying Sobolev preconditioning to the
gradient-based training of the latent grid. Consequently, this
approach allows us to obtain a unified latent space which
can be augmented for time-modulation and then decoded
into high-fidelity deformations via a lightweight MLP. As
illustrated in Fig. 1 and demonstrated in extensive experi-
ments, Neu-PiG achieves superior reconstruction accuracy
at an order-of-magnitude lower runtimes than state-of-the-
art optimization-based approaches and comparable to the
inference times of pretrained models.

In summary, our key contributions are:

• We propose a fast optimization-based method that esti-
mates temporally coherent deformations of arbitrary sub-
jects, including humans and animals, from sequential
point cloud data.

• We introduce a novel preconditioned surface encoding
based on vertex positions and normal directions of a ref-
erence mesh that captures the full deformations across all
time steps into a unified latent space.

• We design a multi-scale latent grid representation to en-
force spatial consistency both on global and local scales,
enabling fast decoding via a lightweight MLP.

Code is available at: https://github.com/vc-bonn/neu-pig

2. Related Work
2.1. Parametric Template Models
Category-specific reconstruction has historically relied on
deforming a canonical mesh to match observations [2, 34,
40, 53, 68, 69]. Such models represent facial and body ge-
ometry within learned low-dimensional manifolds, enabling
expressive control of identity and pose [6, 39, 59]. Exten-
sions further incorporate clothing, soft tissue, or body-shape
variability [1, 5, 65], making parametric systems domi-
nant for structured capture tasks. Despite their success, the
linear subspace assumption of these models restricts gen-
eralization beyond the training domain [40, 69]. Recent
neural formulations replace explicit templates with implicit
shape functions that learn deformation spaces directly from
data [34, 68]. Current state-of-the-art methods decouple
skeletal bases from surface-shape representations [51], or
body-shape from clothing [14], while complementary ap-
proaches bridge parametric and implicit formulations by
learning MLP weights for an SDF-based body model [43].

Our approach follows this trend toward implicit rep-
resentations but removes category dependence entirely:
Neu-PiG reconstructs dynamic surfaces from unstructured
sequences using a latent spatial grid and a lightweight de-
coder without predefined templates.

2.2. Deformation Field Estimation
Non-rigid motion recovery aims to describe how points or
surfaces evolve across time [46, 62]. Early methods esti-
mated dense warp fields via optimization, e.g. through em-
bedded graphs [62] or volumetric tracking [46]. Subsequent
dynamic radiance formulations employ Gaussian primitives
for compact 4D mapping [27, 42] or separate static and
moving components for SLAM-style pipelines [33, 73].

Neural deformation models shifted the focus from ex-
plicit alignment to learned motion inference [8, 9, 35]. Hier-
archical and continuous formulations parameterize motion
as neural vector fields [16, 22, 23, 48, 64] or as spatio-
temporal surfaces [49]. Probabilistic variants treat defor-
mation as a distribution over 4D geometry [11], while
canonical-space techniques couple shape and motion within
rendering frameworks [32, 38, 52, 54, 72]. Optimization-
only strategies such as DynoSurf [71] achieve supervision-
free tracking but remain computationally demanding.

Latent and Implicit Representations. Recent advances
move beyond explicit displacement fields by storing defor-
mation cues in spatially distributed latent representations
that are decoded into motion [52, 54]. Dense voxel fea-
tures paired with compact decoders provide locality but can
be memory-intensive at high resolutions [35, 71]. As a
foundational alternative for neural fields, multi-resolution
hash encodings supply compact capacity for static recon-

https://github.com/vc-bonn/neu-pig


Figure 2. Overview of Neu-PiG. A reference surface Xtkey is first generated from the input point cloud at a keyframe Ptkey . Position and
normal-direction-embedded latent features zp and zn are then sampled from multi-resolution preconditioned grids and combined with a
time embedding γ(t). A lightweight MLP ψ predicts per-frame 6-DoF deformations that are applied to Xtkey to reconstruct each frame X̂t.
Sobolev preconditioning in the latent space enforces spatial smoothness and temporal coherence across the sequence during optimization.

struction [44]; however, their collision-prone, non-smooth
parameterization is ill-suited to coherent non-rigid motion
and, to our knowledge, has not been adopted for defor-
mation modeling. For dynamic scenes, factorized latent
structures impose stronger continuity priors across space
and time-tensor decompositions and separable planes yield
smoother fields with lightweight decoders [10, 13, 20].
In parallel, implicit deformation fields map canonical co-
ordinates to observations via learned warps, often com-
bining latent features with time embeddings for scalable
long-horizon tracking [11, 52, 54]. Complementary trends
instantiate related ideas in alternative primitives by em-
bedding motion in per-Gaussian codes for deformable 3D
splats [3]. Following these directions, but focusing specif-
ically on stable latent carriers for deformation, we group
our design around a preconditioned voxel representation de-
coded by a lightweight MLP; for broader context on latent
field formulations in dynamic settings, see [74].

Neu-PiG differs from explicit per timestep deforma-
tion grid formulations such as Preconditioned Deformation
Grids [25] by maintaining a single preconditioned latent
grid shared across all frames, yielding smooth, drift-free re-
sults on extended sequences.

2.3. Preconditioning

Stabilizing gradient-based optimization through precon-
ditioning is well-established in numerical geometry [18,
30, 31], and while challenging in high-dimensional la-
tent spaces, graph- and learning-based variants adapt such
schemes for data-driven problems [15, 21, 37, 58, 66].

Sobolev gradient methods [45] compute updates under
smoother inner products, improving convergence in shape
and surface optimization [19, 25, 41, 55, 56], and have
shown benefits in training scenarios [4, 17, 28, 50], e.g. by
accelerating ReLU network convergence [50]. They have

since appeared in non-rigid reconstruction [24, 61], differ-
entiable rendering [47], and spatiotemporal filtering [12].

Neu-PiG extends this principle to latent voxel spaces,
propagating Sobolev-filtered gradients through a learned
feature grid to ensure smooth, coherent updates of latent
codes across long dynamic sequences.

3. Method

Given a sequence of unstructured point clouds {Pt}Tt=1

where each Pt = {pi,t ∈ R3}Nt
i=1, we address the problem

of dynamic surface reconstruction by estimating deforma-
tions from a single reference mesh defined at a keyframe
tkey ∈ {1, . . . , T}, to all other frames. An overview of
this setup is illustrated in Fig. 2. The reference mesh
consists of vertices and their associated vertex normals,
Xtkey = {(xi,tkey ,ni,tkey) ∈ R3 × R3}

Ntkey

i=1 (see Sec. 3.1).
We encode the deformations into smooth latent features
based on the vertex positions and normal directions of Xtkey
and store them in a pair of preconditioned multi-resolution
voxel grids. Our latent-grid formulation can be interpreted
as a spatially coherent spatio-temporal field optimized un-
der Sobolev regularization. Unlike implicit neural represen-
tations that encode geometry entirely in network weights,
our factorized grid–decoder formulation distributes high-
dimensional features over space, enabling a MLP ψ to re-
construct dynamic geometry from local content. This inter-
pretation motivates our preconditioned latent-field design
described in Sec. 3.2. These latent encodings are com-
bined with frequency-encoded timesteps t and decoded by
a lightweight MLP ψ that predicts per-frame deformations,
transforming the reference mesh Xtkey into temporally co-
herent reconstructions {X̂t}Tt=1, see Secs. 3.3 and 3.4. We
jointly optimize the voxel grids and network parameters us-
ing a deformation loss and an isometry loss, without any



additional regularization or priors, see Sec. 3.5.

3.1. Initialization
We begin by selecting a keyframe tkey, from which we can
reconstruct a surface mesh with suitable topology. This
frame acts as a canonical reference for all subsequent de-
formations. Following the method of PDG [25], we assess
the spatial extent of each input point cloud Pt, weighted
by a bias term that favors the temporal midpoint of the
sequence. The point cloud corresponding to the selected
keyframe, Ptkey , is then converted into an initial mesh Xtkey
using screened Poisson surface reconstruction [26]. Note
that the precise geometric alignment of Xtkey with Ptkey is
not critical, as long as the topology is correct, since we es-
timate deformations for all frames, including tkey.

We initialize the latent features stored at each level of
the multi-resolution voxel grid with zero vectors. Further-
more, we set the weights of all but the last layer of the
MLP to random values, while zeroing the weights of the
last one. This initializes the deformations as identity trans-
formations and lets them evolve gradually during optimiza-
tion, avoiding sudden jumps that could disrupt latent-space
consistency and lead to incoherent results.

3.2. Multi-Resolution Latent Grids
To efficiently represent the geometric structure across spa-
tial scales, we encode the reference surface Xtkey in a hier-
archy of preconditioned voxel grids. Each grid level stores
latent features at a distinct spatial frequency: coarser lev-
els capture global deformation patterns, while finer levels
encode high-frequency geometric detail. This hierarchical
representation serves as an expressive latent structure for
the deformation network introduced in Sec. 3.3.

Position and Normal-Direction Embeddings. For each
vertex vi,tkey = (xi,tkey ,ni,tkey) on the reference surface,
we query two distinct grids: a position-based grid Gp that
encodes spatial context, and a normal-direction-based grid
Gn that captures local orientation information. This enables
spatially adjacent regions with differing normal directions
to deform independently. Each grid cell stores a learn-
able feature vector and we retrieve interpolated features at
xi,tkey and ni,tkey via trilinear interpolation, yielding the
latent vectors zp(xi,tkey) and zn(ni,tkey), respectively. As
the position-based embedding is the most important fac-
tor in deformation, we store 30-dimensional latent features
at each cell of Gp, resulting in zp ∈ R30. In contrast, the
orientation-based embedding in Gn stores 2-dimensional la-
tent features at each grid cell, resulting in zn ∈ R2.

Grid Hierarchy. The position grid Gp is defined as a
multi-resolution hierarchy with progressively increasing
spatial resolution [25]. It consists of eight levels, with the

coarsest grid containing 23 cells and the finest 323 cells,
achieved by increasing the grid resolution by 3 elements in
each level. Instead of treating the grid levels independently,
we aggregate their outputs into a unified latent representa-
tion, ensuring that each point xi,tkey is associated with a
spatially coherent latent feature:

zp(xi,tkey) =
1

L

L∑
l=1

zlp(xi,tkey). (1)

The normal-direction-based grid Gn is defined as a single-
resolution grid of size 43, which is sufficient to encode lo-
cal orientation changes, despite the potentially large normal
variations in nearby regions.

3.3. Temporal Deformation Model
Our temporal deformation model predicts per-frame trans-
formations that deform the reference mesh Xtkey into tem-
porally varying reconstructions {X̂t}Tt=1. Each vertex in
Xtkey is represented by two latent descriptors from the pre-
conditioned voxel grids Gp and Gn, a position-based en-
coding zp(xi,tkey) and a normal direction-based encoding
zn(ni,tkey). For each timestep t, these descriptors are com-
bined with a time embedding γ(t) to form the input vector:

yi =
(
zn(ni,tkey), zp(xi,tkey),γ(t)

)T ∈ R2+30+8. (2)

This input formulation provides the network with both spa-
tial and directional context, enabling the generation of tem-
porally coherent deformations that are locally smooth and
globally consistent across the sequence.

Fourier Time Encoding. To represent time in a continu-
ous, multi-scale manner, we normalize the timestep to the
range [0, 1] via t̃ = (t− 1)/(T − 1) and map it to a sinu-
soidal embedding following the Fourier feature formula-
tion [63]. Specifically, we define the time embedding as:

γ(t) =
[
sin(πνj t̃), cos(πνj t̃)

]M
j=1
∈ R2M , (3)

where each frequency νj = 2j−1 modulates the temporal
signal at a distinct scale. This encoding allows the network
to capture both low-frequency, slowly varying motions and
high-frequency, transient deformations. In practice, we use
M = 4 frequencies, resulting in an 8D time embedding.

Network Architecture. The deformation network ψ is
implemented as a lightweight MLP that maps the input vec-
tor y to a transformation consisting of a rotation quaternion
q ∈ R4 and a displacement vector d ∈ R3:

(q,d)T = ψ(y). (4)



The network comprises three fully connected layers, each
with 512 hidden units and LeakyReLU activations. The fi-
nal layer outputs a 7-dimensional transformation vector. All
parameters of ψ are optimized jointly with the latent grid
features during the reconstruction process.

3.4. Transformation Mapping
To apply the predictions from the network ψ while ensuring
stability and smoothness during optimization, we map each
component to explicit geometric transformations.

Rotation Component. Let q = (qw, qx, qy, qz)
T ∈ R4

denote the quaternion parameters predicted by the defor-
mation network. To enforce that a zero-valued network out-
put corresponds to the identity rotation, we offset the scalar
component qw by 1, i.e.,

q̂ =
(1 + qw, qx, qy, qz)

T

∥(1 + qw, qx, qy, qz)T ∥
, (5)

and subsequently normalize the quaternion to unit length.
This formulation provides a continuous, stable rotation rep-
resentation, avoiding singularities in e.g. Euler angles.

Translation Component. To decouple rotational and dis-
placement effects, the network predicts a displacement vec-
tor d ∈ R3. Since all points lie within the normalized co-
ordinate space [−1, 1]3, we constrain displacements by ap-
plying a hyperbolic tangent function:

d̂ = tanh(αd), α = 0.1. (6)

This formulation prevents excessive displacements while
still allowing smooth, learnable displacements.

Final Transformation. The complete transformation ap-
plied to each vertex xi,tkey ∈ Xtkey can now be expressed
as:

x̂i,t = R(q̂i)xi,tkey + d̂i. (7)

Here, R(q̂) denotes the rotation matrix corresponding to
the unit quaternion q̂. Together, the per-vertex quaternion-
based rotations and bounded displacements form a com-
pact and stable transformation representation, facilitating
smooth temporal deformations across the sequence.

3.5. Optimization Objectives
Starting from the reference surface Xtkey defining the ob-
ject topology, we optimize deformation fields that map it di-
rectly to each target point cloud Pt. Our objective combines
a deformation loss and an isometry loss, which together bal-
ance reconstruction accuracy and surface smoothness:

L = Ldef + wiso Liso. (8)

As our MLP architecture inherently promotes smooth de-
formations, we use a relatively small isometry weight
wiso = 100 which downweights Liso to approximately 10%
of the magnitude of Ldef .

Preconditioning. To improve convergence stability, we
follow PDG [25] and apply Sobolev preconditioning [47]
to smooth gradient updates of the latent grids Gp and Gn.
The parameters zl of grid level l are updated as

zl ← zl − η (I+ λlLl)−2 ∂L
∂zl

, (9)

where η denotes the learning rate, I is the identity matrix,
λl > 0 controls the strength of spatial smoothing, and Ll

is the Laplacian matrix at level l. Here, (I+ λlLl)−2 acts
as a low-pass filter on the gradient, coupling neighboring
cells and promoting spatially coherent latent updates that
remain temporally stable across the sequence. The band-
width parameter λl can be tuned to match the decoder’s
effective frequency capacity [60, 70], ensuring that latent-
field variations remain within the MLP’s learnable range.
In contrast to PDG [25], which preconditions raw defor-
mation fields, Neu-PiG applies Sobolev preconditioning to
learned latent vectors, allowing high-dimensional features
to capture richer local variations, while a single MLP en-
sures temporally consistent behavior across space and time.

Deformation Loss. The main objective function mea-
sures the alignment between the deformed surface X̂t and
the input point cloud Pt at each timestep:

Ldef =
1

T

T∑
t=1

wconf(t) · LCD(X̂t,Pt), (10)

where LCD is the robust Chamfer distance [71], and
wconf(t) a time-adaptive confidence weight, originally pro-
posed in PDG [25]. Although our method estimates the total
deformation from the reference surface rather than deforma-
tion between consecutive frames, confidence weighting is
beneficial, particularly when combined with our frequency-
split timestep encoding, which implicitly accounts for past
reconstruction accuracy. We define the weight as

wconf(t) =

t∏
τ=tkey

ω(τ)δ, (11)

ω(τ) =
1

1 +max(0, cdτ − cdtkey)
∈ [0, 1], (12)

where ω(τ) represents the reconstruction performance at
time step τ relative to the keyframe tkey. We compute this
weight via the Chamfer distance cdτ = LCD(sg(X̂τ ),Pτ ),
where sg denotes the stop-gradient operator. Note that



Figure 3. Qualitative reconstructions on DT4D. Neu-PiG preserves geometry and temporal consistency across complex animal motions.
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Figure 4. Convergence of Chamfer Distance and Normal Consis-
tency on DT4D, showing high-quality reconstructions in seconds.

ω(tkey) = 1. Additionally, to mitigate optimization dead-
locks and improve convergence stability, we employ a
catch-up variable δ = 1−

√
ē, which gradually increases

the confidence during training. Here, ē = e/emax denotes
the normalized optimization epoch.

Isometry Loss. To preserve local structure, we use
an isometry loss that penalizes changes in edge lengths
êij,t = x̂i,t − x̂j,t of the deformed meshes:

Liso =
1

T |E|

T∑
t=1

∑
(i,j)∈E

∣∣∣∥êij,t∥ − sg
(∥∥êij,tkey∥∥)∣∣∣, (13)

where E denotes the set of mesh edges.

Implementation Details. We jointly optimize the grid
features and MLP parameters using the Adam opti-
mizer [29] with its default parameters. The MLP uses a
learning rate of 10−3, while each grid level l follows a per-
level rate of 0.005×2.5l. The smoothness weight is defined
as λ = 0.4 × 1.5l. To highlight the trade-off between ac-
curacy and runtime, we report two configurations evaluated
on a NVIDIA RTX 4090 that differ only in optimization
length, 250 epochs (Ours†) and 1000 epochs (Ours).

4. Evaluation
We evaluate Neu-PiG against state-of-the-art methods, dis-
tinguishing between learning-based approaches that rely on

Table 1. Quantitative comparison on DFAUST, AMA, and DT4D.
Neu-PiG achieves best accuracy and temporal coherence while be-
ing 60× faster than prior training-free methods.

CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓ Time ↓

D
FA

U
ST

CaDeX 3.68 0.941 0.730 0.013 3 s
DynoSurf 2.13 0.953 0.980 0.010 30 min

M2V 1.61 0.960 0.877 - 4 s
PDG 0.46 0.956 0.987 0.017 7 min
Ours† 0.40 0.967 0.989 0.008 8 s
Ours 0.39 0.968 0.989 0.009 32 s

D
T

4D

CaDeX 56.51 0.870 0.386 0.050 3 s
DynoSurf 15.18 0.919 0.773 0.032 30 min

M2V 7.61 0.944 0.792 - 4 s
PDG 1.67 0.956 0.948 0.043 7 min
Ours† 0.96 0.969 0.962 0.034 8 s
Ours 0.87 0.969 0.968 0.034 32 s

A
M

A

DynoSurf 1.01 0.918 0.921 0.044 30 min
PDG 0.79 0.926 0.961 0.037 7 min
Ours† 0.53 0.946 0.978 0.024 8 s
Ours 0.44 0.951 0.988 0.018 32 s

category-specific priors and training-free methods that di-
rectly optimize deformations from point clouds without pre-
training. The learning-based baselines include CaDeX [32]
and M2V [11], the latter requiring predefined inter-frame
correspondences. For training-free baselines, we compare
against DynoSurf [71] and PDG [25]. Experiments are
conducted on three public benchmarks: DFAUST [7] (hu-
man motion), AMA [67] (clothed human performance), and
DT4D [36] (articulated animals). Unless stated otherwise,
each sequence contains T = 17 frames following previous
works [25, 71] and consists of 5000 points per timestep.

Evaluation Metrics. We assess reconstruction quality us-
ing ℓ2-Chamfer Distance (CD), Normal Consistency (NC),
F-score, and Correspondence Error (Corr.). CD measures
bidirectional surface deviations, while NC evaluates local
smoothness and normal alignment. The Correspondence
Error measures temporal consistency of vertex trajectories
across frames and the F-score is chosen with a threshold
of 0.5%. We additionally report the average per-sequence



Figure 5. Performance across sequence lengths on AMA. Neu-PiG maintains accuracy and stability as duration increases.

runtime to evaluate computational efficiency.

4.1. Quantitative Comparison
We evaluate Neu-PiG on the DFAUST [7], AMA [67], and
DT4D [36] benchmarks, comparing it against both learning-
based and training-free baselines (see Tab. 1). Overall, both
variants achieve strong performance across all datasets. Al-
though the longer schedule increases computation time, the
resulting accuracy gains are minor. On DFAUST, the dif-
ferences are marginal, while the others benefit only from
slight refinement. This behavior aligns with the conver-
gence trends shown in Fig. 4, where Neu-PiG yields high-
quality reconstructions within a few seconds.

Across all benchmarks, Neu-PiG achieves the lowest
Chamfer Distance and Correspondence Error, as well as the
highest Normal Consistency and F-score, while being more
than 60× faster than prior training-free approaches. It con-
sistently outperforms all training-free baselines on human
motion datasets and maintains high fidelity on the challeng-
ing DT4D animal sequences (see Fig. 3), demonstrating re-
liable generalization across diverse motion types.

Scalability. Maintaining consistent correspondences over
long and complex sequences is a persistent challenge in
dynamic surface reconstruction, as errors tend to accumu-
late with sequence length. To evaluate scalability, we split
the AMA dataset into sequences ranging from 40 to 120
frames and report the performance in Tab. 2 and Fig. 5.
While PDG requires progressively longer runtimes and ul-
timately fails on very long sequences and DynoSurf shows
pronounced degradation, Neu-PiG reconstructs complete
sequences in under two minutes while maintaining stable
correspondences and high geometric fidelity.

4.2. Ablation Study
We perform ablations to assess the impact of key design
choices, including architectural components, loss weight-
ing and temporal frequency encoding. Additional ablation
results are provided in the supplementary material.

Table 2. Scalability on AMA sequences of increasing length.
Neu-PiG remains stable and efficient, unlike PDG and DynoSurf.

T CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓ Time ↓

40
DynoSurf 4.64 0.857 0.686 0.096 35 min
PDG 0.66 0.923 0.971 0.042 28 min
Ours 0.53 0.947 0.981 0.019 47 s

60
DynoSurf 14.64 0.778 0.474 0.132 48 min
PDG 0.72 0.919 0.960 0.054 63 min
Ours 0.60 0.945 0.976 0.020 63 s

80
DynoSurf 16.32 0.759 0.431 0.163 60 min
PDG 1.35 0.906 0.931 0.089 93 min
Ours 1.04 0.940 0.959 0.023 84 s

100
DynoSurf 26.47 0.706 0.354 0.133 74 min
PDG 8.59 0.853 0.720 0.091 124 min
Ours 0.95 0.936 0.933 0.024 97 s

120
DynoSurf 39.00 0.673 0.284 0.140 96 min
PDG 30.20 0.788 0.571 0.118 158 min
Ours 1.31 0.926 0.887 0.028 110 s

Method Components. We evaluate the contribution of
individual components by selectively disabling or modify-
ing parts of Neu-PiG. Specifically, we remove the normal-
direction latent encoding, omit preconditioning, replace the
multi-resolution grid with the hash encoding of [44], and
test a single-resolution variant matching the finest grid pa-
rameters. Each modification degrades reconstruction qual-
ity, as shown in Tab. 3, confirming that the full combina-
tion of components yields the best overall performance. In
particular, hash grids are more memory-efficient but sacri-
fice spatial smoothness, which is important in our setting
for coherent latent codes and stable deformations.

Time Frequency Function. We investigate how differ-
ent time-encoding formulations affect our temporal defor-
mation model. This module maps the normalized timestep
t̃ ∈ [0, 1] into a high-dimensional representation for the de-
formation network. We compare several time–frequency
strategies, each transforming t̃ by a distinct function: The
first variant employs a polynomial basis, a simple determin-



istic encoding that represents time using monomials,

γpolynomial(t) =
[
t̃j
]2M
j=1

. (14)

The second uses a Gaussian Fourier mapping with a stan-
dard normal distribution, B ∼ N (0, I),

γgaussian(t) =
[
sin(2πBt̃), cos(2πBt̃)

]M
j=1

. (15)

Finally we consider a learned embedding, obtained from a
two-layer MLP ψt,

γlearned(t) = ψt(t̃) ∈ R2M . (16)

In addition, we compare these baselines against our pro-
posed time-Fourier encoding (Sec. 3.3). All variants are
trained under identical settings, with results in Tab. 4 show-
ing that the Fourier formulation yields the best balance of
reconstruction accuracy and temporal coherence.

Stability Function. In Sec. 3.5, we adopt the deforma-
tion stability scaling proposed in PDG [25], which stabi-
lizes optimization by gradually increasing the confidence
in later timesteps. While effective, this mechanism can
also slow convergence when early-frame reconstructions re-
main inaccurate. To assess its influence, we ablate both
components of the stability term, the catch-up variable δ
and the temporal weighting ω on sequences of 40 frames,
with the results presented in Tab. 5. For the catch-up vari-
able δ, which controls the confidence increase over training
epochs ẽ, we evaluate four schedules: Constant (δ = 1), lin-
ear (δ = 1− ẽ), exponential (δ = e−c ẽ with c = 5), inter-
polated (wconf(t) = (1− ẽ)ω(t) + ẽ). In addition, we test
simplified formulations of the temporal weighting ω within
the confidence function wconf(t). First, we replace the cu-
mulative temporal product with a direct weighting:

wconf(t) = ω(t)δ (17)

Then, we compare three alternative definitions of ω:
Constant (ω(t) = 1), delta-based (ω(t) = 0.5), single
(ω(t) = 1/(1 + max(0, cdt − cdtkey))). It isolates the ef-
fect of each stabilization term, allowing us to quantify its
impact on convergence speed and reconstruction accuracy.

4.3. Limitations
While our approach achieves fast and stable reconstruc-
tions, several practical limitations remain. The method as-
sumes a fixed topology derived from the keyframe mesh,
which prevents recovery from incorrect or incomplete ini-
tial surfaces. Moreover, the representational capacity of the
latent grids and network bounds the sequence length that
can be modeled effectively. Finally, as correspondence is
inferred implicitly through the Chamfer distance, very large

Table 3. Ablation on architectural components. Removing any
module reduces accuracy, confirming their complementary roles.

CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

Hash Encoding 1.23 0.903 0.947 0.045
w/o Preconditioning 0.98 0.955 0.958 0.036
w/o zn 0.91 0.968 0.965 0.036
w/o Liso 1.03 0.961 0.959 0.044
Single Level L = 1 0.98 0.965 0.961 0.036
Ours 0.87 0.969 0.968 0.034

Table 4. Comparison of time encoding strategies. Our Fourier
encoding achieves the best accuracy and coherence.

CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

Polynomial 0.46 0.951 0.987 0.019
Gaussian 0.77 0.945 0.979 0.046
Learned 0.50 0.950 0.983 0.022
Ours 0.44 0.951 0.989 0.017

Table 5. Ablation of stability terms δ and ω on AMA with T = 40.
Our formulation yields best convergence and accuracy.

CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

δ

Constant 3.22 0.905 0.899 0.114
Linear 0.60 0.946 0.971 0.025
Exponential 0.53 0.946 0.982 0.030
Interpolated 0.64 0.945 0.972 0.046
Ours 0.53 0.947 0.981 0.025

ω(t)

Constant 3.27 0.905 0.898 0.114
Delta-based 2.96 0.909 0.908 0.112
Single 1.15 0.931 0.952 0.098
Ours 0.53 0.947 0.981 0.025

motions or occlusions may reduce reconstruction fidelity,
and in rare cases of extreme non-uniform deformation, such
as strong local surface shrinkage, may also lead to local face
flipping away from the keyframe.

5. Conclusion

We presented Neu-PiG, a fast method for temporally consis-
tent surface reconstruction from unstructured dynamic point
clouds. By encoding deformations across all time steps into
a preconditioned multi-scale latent grid parameterized by
a canonical surface, our method achieved spatially smooth
and temporally stable reconstructions without explicit cor-
respondences or learned priors. Experiments demonstrated
that our method attains higher fidelity and stability than ex-
isting state-of-the-art approaches while running over an or-
der of magnitude faster. We believe Neu-PiG offers a scal-
able foundation for future research in real-time 4D recon-
struction and dynamic scene understanding.
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Neu-PiG: Neural Preconditioned Grids
for Fast Dynamic Surface Reconstruction on Long Sequences

Supplementary Material

In this supplementary document, we provide additional
experiments, analyses, and visualizations that complement
the results presented in the main paper. Specifically, we
extend the evaluation of Neu-PiG with further quantitative
and qualitative results to validate the impact of grid design
choices, preconditioning strength, and input conditions.

In Figs. 9 and 10, we present extended visual results on
a broader range of datasets, demonstrating that Neu-PiG
maintains high reconstruction quality and temporal consis-
tency across diverse motion types, outperforming existing
state-of-the-art approaches in both accuracy and stability.

5.1. Latent Grid Design

We analyze the design choices of our preconditioned multi-
resolution grid, focusing on the impact of the number of
levels and the smoothness introduced by preconditioning.

Grid Levels. In Tab. 6, we evaluate the influence of the
number of grid levels, described in Sec. 3.2, on reconstruc-
tion quality using the AMA dataset. We keep our default
configuration and vary only the total number of levels L.
The results show that even with a small number of levels,
and thus reduced latent capacity, Neu-PiG achieves surpris-
ingly strong reconstructions. However, excessively increas-
ing the grid resolution leads to performance degradation due
to overfitting, as shown in Fig. 6.

Complementing this quantitative analysis, Fig. 7 pro-
vides a qualitative view of the learned multi-resolution
decomposition. Coarser levels capture low-frequency
global motion, whereas finer levels recover localized high-
frequency deformations, visualized using a local rigidity
proxy based on Kabsch alignment.

Smoothness Weights. We investigate the effect of the
smoothness parameter λ in our grid preconditioning, intro-
duced in Sec. 3.5, on reconstruction performance. To ac-
cess its influence, we vary the base smoothness value λ1 to
both smaller and larger magnitudes, while using the same
increase per level as in the default configuration. The re-
sults in Tab. 7 on the AMA dataset indicate that Neu-PiG is
largely robust to moderate changes in smoothness, while ex-
treme values, either excessively high or entirely absent, lead
to a clear degradation in reconstruction quality. We further
visualize the learned latent spaces in Fig. 8 by performing a
PCA analysis and plotting the first principal component.

Table 6. Ablation study on the number of grid levels in Gp, eval-
uated on the AMA dataset. Increasing the number of levels im-
proves reconstruction quality up to L = 8, after which perfor-
mance slightly degrades due to overfitting.

CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

L = 1 1.96 0.850 0.810 0.063
L = 2 1.76 0.859 0.841 0.054
L = 4 0.54 0.945 0.980 0.023
L = 6 0.46 0.949 0.987 0.018
Ours (L = 8) 0.44 0.951 0.989 0.017
L = 10 0.45 0.951 0.989 0.021
L = 12 0.46 0.948 0.988 0.024

Figure 6. Qualitative analysis of the effect of the number of grid
levels during optimization on reconstruction quality. Neu-PiG
achieves accurate and temporally stable reconstructions even with
few grid levels, while excessively increasing resolution leads to
mild overfitting and loss of fine structural detail.

Figure 7. After optimization, we progressively restrict Neu-PiG
to lmax grid levels and visualize the deformations, colored by a
rigidity proxy. It shows that coarse levels capture smooth, global
motion, whereas finer levels contribute localized, high-frequency
detail, supporting the role of the multi-resolution latent grid.



Table 7. Ablation study on the smoothness weight λ of the base
grid level (l = 1), evaluated on the AMA dataset. Neu-PiG re-
mains robust under moderate variations of λ, while extreme values
reduce reconstruction quality.

CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

λ1 = 0 0.58 0.928 0.977 0.022
λ1 = 0.08 0.45 0.950 0.988 0.020
Ours (λ1 = 0.4) 0.44 0.951 0.989 0.017
λ1 = 2 0.46 0.948 0.986 0.021
λ1 = 10 0.50 0.946 0.983 0.025

5.2. Input Conditions
We additionally study how different input conditions, such
as varying number of input points and noise levels, affect
the reconstruction performance of Neu-PiG.

Noise. We evaluate the robustness of Neu-PiG to noisy
input data by adding Gaussian noise with varying strengths
to the input points based on the size of the bounding box
diagonal. As shown in Tab. 8, the method remains stable for
noise levels up to 0.25–0.5%, after which the performance
degrades as noise begins to be reconstructed as part of the
surface geometry.

Point Cloud Resolution. We evaluate the reconstruction
performance across varying input point cloud resolutions,
focusing on the generalization behavior in comparison to
DynoSurf, which similarly employs MLP-based transfor-
mation modeling. As shown in Tab. 9, DynoSurf exhibits
a noticeable drop in performance with increasing target
resolution, indicating limited scalability. In contrast, our
method demonstrates consistent improvements with higher
input densities, closely matching the behavior of the direct
optimization approach PDG, and achieving superior recon-
struction quality at all tested resolutions. The difference
compared to DynoSurf is particularly noteworthy: although
both methods employ MLPs to model per-point transforma-
tions, DynoSurf fails to benefit from denser point clouds.
This robustness stems from our hierarchical latent repre-
sentation, which efficiently captures both coarse and fine
geometric structures.

5.3. Neural Model
We further analyze the design of the neural components in
Neu-PiG and evaluate how different architectural choices of
the decoder influence reconstruction quality and temporal
stability.

Time Deformation Model. We investigate how modifica-
tions to the temporal deformation network influence recon-
struction performance. This component models temporal

Figure 8. Visualization of the learned latent space for different
smoothness weights. We perform a PCA analysis on the latent
vectors and display the first principal component as a spatial field.

Table 8. Ablation study on robustness to input noise with varying
strengths based on the bounding box diagonal. Neu-PiG maintains
stable reconstruction quality up to 0.5% noise, after which perfor-
mance degrades as noise is captured in the surface geometry.

Noise CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

0.25% 0.69 0.925 0.967 0.021
0.5% 1.34 0.866 0.853 0.026
1% 4.45 0.681 0.540 0.049
2% 21.71 0.517 0.247 0.086

shape evolution conditioned on the latent embeddings intro-
duced in Sec. 3.2. We systematically vary the dimensional-
ity of the positional and normal latent vectors zp and zn, as
well as the frequency range of the time encoding γ. In addi-
tion, we assess the impact of network capacity by adjusting
the number of hidden units per layer. As shown in Tab. 10,
Neu-PiG remains stable across most configurations. How-
ever, excessive reduction in model capacity leads to lower
reconstruction quality, while increasing the dimensionality
of zp or γ causes the network to overfit more easily.

Rotation Modeling. Our deformation model predicts pa-
rameters that are mapped to 3D rotations and deforma-
tions, as described in Sec. 3.4. Several representations ex-
ist for mapping parameters to rotations, including quater-
nions, the Cayley transform, and the exponential map, and
their choice can affect optimization stability, convergence
behavior, and final reconstruction accuracy. To study this
influence, we run our reconstruction using each represen-
tation under identical settings and compare performance
over different amounts of maximal optimization epochs.
The resulting metrics are summarized in Tab. 11. The re-
sults show that while all parameterizations achieve com-
parable accuracy, quaternions converge slightly faster and
yield marginally better performance during early training.



Figure 9. Extended qualitative results across diverse human and animal sequences. Neu-PiG consistently reconstructs temporally stable
and detailed surfaces, even under large non-rigid deformations and challenging motion dynamics.



Figure 10. Extended visual results across diverse human and animal sequences. The surface normals of the deformed meshes are shown in
comparison to ground truth surface normals.



Table 9. Reconstruction performance at varying input point cloud
resolutions. Neu-PiG consistently improves with higher input den-
sities, closely matching the behavior of PDG while maintaining su-
perior quality across all settings. In contrast, DynoSurf shows lim-
ited scalability and degrading performance at higher resolutions.

|Pt| CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

2500
DynoSurf 1.56 0.896 0.862 0.041
PDG 0.79 0.922 0.948 0.037
Ours 0.75 0.930 0.953 0.022

5000
DynoSurf 1.01 0.918 0.921 0.044
PDG 0.47 0.939 0.985 0.030
Ours 0.44 0.950 0.988 0.018

10000
DynoSurf 1.28 0.906 0.897 0.037
PDG 0.40 0.950 0.993 0.027
Ours 0.37 0.960 0.995 0.015

20000
DynoSurf 1.45 0.902 0.887 0.040
PDG 0.37 0.959 0.996 0.023
Ours 0.34 0.968 0.997 0.014

Table 10. Ablation study on the temporal deformation network
architecture, evaluated on the AMA dataset with 40 time steps
per sequence. We vary latent dimensionality, number of time-
encoding frequencies, and network capacity to assess their effect
on reconstruction quality. Neu-PiG remains stable under most
configurations, though extreme reductions in capacity or excessive
latent dimensionality lead to degraded performance or overfitting.
Our default configuration is shown in the last row.

|ψ| |zp| |zn| |γ| CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

512 30 2 2 0.63 0.945 0.970 0.027
512 30 2 32 0.64 0.943 0.973 0.040
512 30 1 8 0.55 0.946 0.979 0.026
512 30 8 8 0.57 0.947 0.978 0.026
512 8 2 8 0.61 0.945 0.975 0.023
512 120 2 8 0.59 0.947 0.978 0.032
128 30 2 8 0.76 0.938 0.959 0.045

2048 30 2 8 0.54 0.948 0.980 0.021
512 30 2 8 0.53 0.947 0.981 0.019

Table 11. Comparison of different rotation parameterizations pre-
dicted by the deformation model. We evaluate quaternions, the
Cayley transform, and the exponential map under identical opti-
mization conditions. All representations achieve similar accuracy,
while using quaternions leads to slightly faster convergence and
improves performance with fewer epochs.

Epochs CD [×10−5] ↓ NC ↑ F-0.5% ↑ Corr. ↓

75
Cayley 1.96 0.921 0.866 0.047
Exponential 1.62 0.924 0.886 0.043
Quaternions 1.59 0.923 0.884 0.044

125
Cayley 0.72 0.940 0.955 0.029
Exponential 0.68 0.941 0.961 0.027
Quaternions 0.65 0.942 0.965 0.028

250
Cayley 0.52 0.947 0.978 0.021
Exponential 0.54 0.948 0.976 0.021
Quaternions 0.50 0.948 0.982 0.020

500
Cayley 0.47 0.950 0.985 0.019
Exponential 0.47 0.950 0.985 0.018
Quaternions 0.46 0.950 0.986 0.018

1000
Cayley 0.46 0.950 0.987 0.019
Exponential 0.45 0.951 0.988 0.017
Quaternions 0.44 0.951 0.988 0.017
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