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Trajectory Flow: Geometry-Constrained Surface
Reconstruction via Unsigned Distance Fields

Chengcheng Yu , Zixu Dun , Zheng Liu , and Ying He , Member, IEEE

Abstract—Neural implicit methods reconstruct surfaces from
point clouds by learning a continuous function, usually signed
or unsigned distances. For unsigned distance field (UDF) recon-
struction, many self-supervised methods typically estimate distance
through local, gradient-guided displacement regression from query
points to the surface. Because these corrections are local, they can
become unstable near the zero level set and accumulate errors
under sparse or non-uniform sampling. We address this limitation
by reformulating UDF learning as a geometrically constrained
trajectory-evolution problem, shifting from static local regression
to global path-consistent modeling. Specifically, we construct a
bidirectional linear flow that promotes shortest-path trajectories
between surface samples and query points. Under this formulation,
distance prediction is interpreted as continuous state evolution
along deterministic trajectories, inherently preserving geometric
consistency and mitigating local error accumulation. This per-
spective connects UDF estimation to neural ODEs, where geom-
etry is recovered through continuous dynamics, with the learned
transport following structured trajectories induced by an implicit
geometric field. To address sparse and non-uniform sampling, we
further introduce a flow-guided iterative densification strategy that
progressively upgrades shortest-path modeling from discrete point-
to-point approximations to accurate point-to-surface projections,
enabling implicit geometric completion. Extensive experiments on
synthetic benchmarks and real-world scans demonstrate that our
method achieves state-of-the-art performance in both reconstruc-
tion accuracy and robustness.

Index Terms—Surface reconstruction, point clouds, neural
unsigned distance fields, straight flow, neural ODE.

I. INTRODUCTION

W ITH the rapid advancement of 3D acquisition tech-
nologies, such as LiDAR scanners and depth cameras,

point clouds have become a fundamental representation in
computer graphics, 3D vision, photogrammetry, autonomous
driving, and SLAM. A central problem in geometry processing
is to reconstruct continuous and structurally consistent surfaces
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from raw point samples. This problem underlies numerous
downstream applications, including virtual and augmented
reality [1], manufacturing [2], digital twins [3], [4], and
robotics [5], [6]. Despite substantial progress, achieving
high-fidelity and robust reconstruction remains challenging,
especially for 3D models with complex geometry and topology.

Recent progress in deep learning has established neural im-
plicit representations (NIRs) as a dominant paradigm for surface
reconstruction [7], [8], [9], [10]. A large class of NIR-based
reconstruction methods represents the target surface as the zero
level set of either a signed distance function (SDF) or an un-
signed distance field (UDF). SDFs encode both distance and an
inside–outside sign, making them well suited for closed, oriented
surfaces. In contrast, UDFs dispense with sign information and
are therefore more appropriate for representing open surfaces,
non-manifold structures, and internal geometries, where sign
ambiguities are unavoidable. By modeling geometry as a con-
tinuous distance field, these formulations provide adaptive res-
olution and implicit topological regularization within a unified
framework.

Existing NIR-based reconstruction methods can be broadly
categorized into supervised [11], [12], [13], [14] and self-
supervised approaches [15], [16], [17], [18]. Supervised meth-
ods achieve strong performance but require ground-truth anno-
tations, which are expensive and often difficult to obtain. Their
dependence on curated datasets may also limit generalization to
unseen categories and complex real-world scenarios.

To alleviate these limitations, self-supervised methods with
geometric regularization, such as IGR [15], NSH [19], and
DiGS [20], directly fit neural implicit fields to point clouds.
Benefiting from the spectral bias of deep networks, they tend to
recover low-frequency structures first, promoting smooth sur-
faces. However, these fitting-based approaches remain sensitive
to input quality and often rely on accurate normal estimation.
In the presence of noise or unreliable normals, optimization can
become unstable, leading to artifacts, fragmented geometry, and
topological inconsistencies.

This challenge is particularly pronounced for UDF recon-
struction, which aims at recovering accurate surface distances
without relying on sign information. A representative line of
work estimates distances by regressing point-wise displace-
ments from query points toward the surface [16], [17], [21].
These approaches assume that following the predicted gra-
dient direction of an implicit field approximates a shortest
path to the underlying surface, allowing the resulting displace-
ment to serve as a proxy for distance. Although effective, this
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Fig. 1. Motivation of the proposed geometry-constrained trajectory flow for unsigned distance field (UDF) reconstruction. (a) One-step and (b) multi-step
displacement regression methods rely on locally estimated gradients, which can be unstable near the surface and lead to inaccurate UDF estimation and reconstruction
artifacts. (c) In contrast, the proposed trajectory flow models distance as continuous evolution along deterministic shortest-path trajectories, promoting trajectory
consistency and enabling more accurate and robust surface reconstruction.

formulation is inherently local. Methods such as Neural-
Pull [16] and CAP-UDF [17] rely on locally estimated gradi-
ents, which are sensitive to noise and can oscillate near the
zero level set, leading to unstable displacement predictions.
LevelsetUDF [21] improves local inconsistency through gra-
dient alignment, and Multipull [22] extends correction through
multi-step updates. Nevertheless, these methods still construct
trajectories through incremental local corrections without glob-
ally consistent constraints, which can result in inconsistent paths
and accumulated errors in distance estimation.

These observations suggest that implicit distance should not
be modeled solely via local corrections, but instead through
a globally transport process. Motivated by this insight, we
reformulate UDF learning as a trajectory evolution problem un-
der geometric constraints. Rather than predicting instantaneous
displacements, we model the evolution of query points along
structured paths toward the surface. Fig. 1 shows that local
displacement regression suffers from gradient instability near
the surface, whereas the proposed trajectory flow mitigates this
issue by enforcing consistent shortest-path transport.

Specifically, we construct linear reference trajectories be-
tween surface samples and query points and learn a bidi-
rectional, time-conditioned flow to model the corresponding
transport. During inference, the learned flow transports query
points backward toward near-surface states, from which the UDF
is estimated. This trajectory-based formulation replaces local
gradient correction with global transport modeling, improving
optimization stability, reducing error accumulation, and yielding
more robust implicit distance estimation.

However, reliable trajectory construction becomes difficult
under sparse and non-uniform sampling, where nearest-neighbor
correspondences provide only coarse approximations of the
underlying surface. To address this issue, we further introduce
a flow-guided iterative densification strategy that jointly refines
the flow field and the sampling distribution. By progressively
enriching surface samples and improving the correspondence
between query points and the latent geometry, the proposed
strategy upgrades coarse point-to-point supervision into more
accurate point-to-surface approximations, improving robustness
under degenerate sampling conditions. We validate the proposed
method on synthetic benchmarks and real-world scans, achiev-
ing state-of-the-art performance in reconstruction accuracy and
robustness.

Our main contributions are summarized as follows:
� We reformulate self-supervised UDF learning as a

geometry-constrained trajectory evolution problem, re-
placing local displacement regression with globally struc-
tured transport.

� We introduce a bidirectional, time-conditioned flow for-
mulation that models linear reference trajectories between
surface samples and query points, enabling self-supervised
learning of reverse transport toward the underlying surface.

� We develop a flow-guided iterative densification strategy
that progressively refines coarse point-wise supervision
into accurate point-to-surface approximations, enhancing
robustness to sparse and non-uniform sampling.

II. RELATED WORK

Over the past decades, a large body of traditional surface
reconstruction methods has been developed [23], [24], [25],
[26], [27], [28], [29], [30]. Despite their effectiveness, these
approaches often require careful parameter tuning and may lack
robustness across diverse datasets. With the success of deep
neural networks, neural implicit representations have emerged as
a powerful alternative for surface reconstruction. In light of this
paradigm shift, we focus our review on neural implicit methods
and related flow-based approaches that are most relevant to our
work, rather than exhaustively covering traditional techniques.

A. Implicit Learning From 3D Supervision

Surface reconstruction from point clouds using neural implicit
representations has been extensively studied in recent years.
Early learning-based approaches rely on supervised training
with ground-truth signed distance fields or occupancy labels.
Representative methods [11], [12], [31], [32], [33], [34], [35],
[36], [37] encode shapes into global latent codes and decode
them into continuous implicit fields. While effective within re-
stricted shape families, such global representations are sensitive
to domain shift and often generalize poorly to geometries outside
the training distribution. To improve scalability and cross-shape
generalization, subsequent works [14], [38], [39], [40], [41]
adopt local representations by decomposing point clouds into
grids or patches. By reducing global reconstruction into local-
ized fitting problems, these methods better capture fine-scale
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geometry and exhibit improved robustness to structural varia-
tions. More recently, several methods [13], [42], [43] explore
vector field regression from point clouds, representing shapes
as explicit vector fields by predicting one-step displacements
from query points to the surface. Despite their empirical success,
these supervised approaches rely on high-quality ground-truth
annotations, which are costly to obtain and limit applicability in
real-world scenarios. Furthermore, their dependence on curated
datasets and complex training pipelines often restricts general-
ization beyond the training domain.

B. Implicit Learning From Raw Point Clouds

Regularization-based Implicit Reconstruction: A prevailing
paradigm directly fits neural implicit fields from raw point
clouds under geometric regularization [18], [44], [45]. Typical
regularizers include gradient orientation alignment [46], [47],
unit-norm constraints [15], [48], and smoothness or structural
priors [19], [20], [49], [50]. Specifically, IGR [15] constrains
gradient norms with normal supervision, while SIREN [46]
improves high-frequency representation via periodic activations
and tailored initialization. DiGS [20] introduces Laplacian reg-
ularization to stabilize training without normals, and Neural-
Hessian [19] further suppresses spurious variations through
second-order gradient constraints. Most of the aforementioned
methods model implicit fields as signed distance functions,
which limits their ability to represent open surfaces or complex
geometries. DUDF [51] extends the framework to unsigned
distance fields and alleviates gradient instability near the surface
via hyperbolic scaling, while SSDF [52] introduces Monge–
Ampère regularization to enhance geometric fidelity. Overall,
this line of work relies on neural fitting capacity under various
regularization, and remains sensitive to input quality, sampling
irregularity, and network initialization.

Displacement-based Implicit Reconstruction: Another line of
self-supervised research estimates implicit distance fields by
learning point-wise displacements from query points toward
clean surface samples. Neural-Pull [16] and its variants [53],
[54], [55] learn signed distance fields (SDFs) by shifting query
points toward the underlying surface along predicted gradi-
ent directions. To improve stability and reconstruction quality,
subsequent works introduce additional geometric constraints.
Zhou et al. [17] proposed a progressive strategy for unsigned
distance field (UDF) learning with consistency regularization,
achieving strong performance on open surfaces and complex
geometries. LevelsetUDF [21] alleviates gradient oscillation
near surfaces via gradient alignment between surface and query
points. Building upon this idea, MSMS [56] and Multipull [22]
extend alignment constraints along multi-step displacement tra-
jectories, while I-Filtering [57] introduces level-set filtering to
enhance local correction consistency within neighboring re-
gions.

Despite improved stability via displacement supervision and
gradient alignment, existing methods fundamentally rely on
incremental local updates. Their trajectories are constructed
through successive gradient corrections, without enforcing
global geometric consistency or a unified evolution process.

In contrast, we reformulate implicit distance estimation as a
continuous evolution of point distributions under linear geo-
metric constraints. By embedding shortest-path structure into
a deterministic forward process, our method produces globally
consistent trajectories that naturally satisfy the geometric prop-
erties of unsigned distance fields.

C. Flow-Based Methods for Point Cloud Processing

Flow-based models learn continuous-time transformations
that transport a simple prior distribution (e.g., Gaussian noise)
to a target data distribution. In contrast to diffusion models,
which rely on stochastic forward and reverse processes [58],
[59], [60], flow-based approaches define deterministic transport
dynamics governed by ordinary differential equations, enabling
exact likelihood evaluation and efficient sampling [61]. Flow
matching methods, including Rectified Flow [62] and Flow
Matching [63], parameterize velocity fields along probability
paths between source and target distributions. By supervising
the transport dynamics, these methods improve training sta-
bility and sampling efficiency. More recently, Zhu et al. [61]
incorporated trajectory optimization strategies into differential
equation–based frameworks, emphasizing the critical role of
transport path design in improving model performance.

Flow-based formulations have recently been extended to 3D
point cloud processing. Wu et al. [64] rectified transport trajec-
tories and distilled them into a single-step generator for effi-
cient point cloud synthesis. Edirimuni et al. [65] modeled point
cloud denoising as linear flow transport by learning constant
velocity fields that map noisy inputs directly to clean surfaces.
Sun et al. [66] unified point cloud registration and multi-part
assembly under a conditional generative framework by learning
continuous point-wise velocity fields to recover target configu-
rations.

Unlike generation- or restoration-oriented approaches, our
method leverages the continuity and reversibility of flow dy-
namics to model neural implicit representations from raw point
clouds. Instead of using flows for generative transport, we em-
ploy deterministic trajectories to encode shortest-path structures
between point distributions, enabling stable and accurate im-
plicit surface reconstruction.

III. METHOD

A. Straight-Line Transport for UDF Estimation

We formulate UDF estimation as a velocity field learning
problem under a straight-line transport paradigm. In the contin-
uous setting, given a query point q ∈ R

3 and a surface S ⊂ R
3,

the UDF is defined as

f(q) = min
p∈S
‖q − p‖.

We reformulate this problem as a continuous transport pro-
cess. Specifically, the evolution of a query point over time
t ∈ [0, 1] is modeled as a trajectory xt ∈ R

3 governed by a
velocity field v:

dxt
dt

= v(xt, t).
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Fig. 2. Pipeline of the proposed framework. During training, shortest trajectories are constructed from query points to their nearest surface samples, with
intermediate states xt obtained via linear interpolation. The network learns a time-conditioned velocity field vθ(xt, t) along these trajectories. During inference,
query points are transported toward the underlying surface via reverse integration of the learned velocity field, and the unsigned distance is computed as the
displacement between the initial and converged positions.

Fig. 3. UDFs and gradient fields on a 2D slice of a model from the ShapeNet
Cars category, with CAP-UDF shown on the top and Trajectory Flow on the
bottom. Benefiting from trajectory consistency induced by the ODE-based flow,
our method produces more consistent gradient directions and improves the
stability of surface reconstruction.

The goal is to learn a velocity field that transports the query
point x1 := q to its closest surface point x0 := NN(q;S), where
NN(·) is the nearest neighbor operator. To this end, we consider
the straight-line trajectory connecting x0 and x1:

xt = tx1 + (1− t)x0, t ∈ [0, 1]. (1)

This construction is geometrically optimal, as the straight-line
segment corresponds to the shortest path in Euclidean space.
Consequently, the UDF is directly given by the displacement
magnitude:

f(q) = ‖x1 − x0‖. (2)

Furthermore, the induced velocity along this trajectory is
constant:

v(xt, t) =
dxt
dt

= x1 − x0.

Beyond a transport-based formulation for UDF estimation,
the ODE perspective introduces an implicit trajectory consis-
tency constraint. For a sufficiently regular (e.g., locally Lip-
schitz) velocity field, the induced dynamics admit a unique
solution, implying a non-crossing property of trajectories that

encourages coherent evolution of query points. In geometrically
complex regions where locally constructed point-to-point tra-
jectories may become ambiguous or inconsistent, the learned
flow reorganizes them into a more coherent transport structure
while preserving the overall point-to-surface mapping. This
continuous formulation imposes a mild smoothness prior on
the transport process, reducing sensitivity to high-frequency
local perturbations and alleviating reliance on unstable UDF
gradients. As illustrated in Fig. 3, this leads to more consistent
gradient behavior and improves the stability of surface recon-
struction.

B. Flow Learning and Reverse Integration

Based on the continuous transport formulation, we present
a discrete implementation on point clouds with corresponding
learning and inference procedures.

In practice, the input point cloud P ⊂ R
3 is treated as a

discrete sampling of the underlying surface S . For a query point
q, we define the terminal state as x1 := q, and approximate the
source state using its nearest neighbor in P as x0 := NN(q;P ).

To enable numerical computation, we discretize the con-
tinuous transport process using an explicit Euler scheme. Let
T = {tk}Kk=0 denote a sequence of time steps with t0 = 0 and
tK = 1. To allocate higher resolution near the surface, we adopt
a non-uniform time schedule:

Δtk =
2k

K(K + 1)
, tk =

k(k + 1)

K(K + 1)
, k = 1, . . . ,K.

The resulting discrete trajectory is given by the linear transport
path defined in (1):

xtk = tkx1 + (1− tk)x0, k = 1, . . . ,K.

Flow Learning: As established in Section III-A, the ideal
velocity remains constant along the trajectory. We therefore
supervise the parameterized velocity field vθ using the reference
displacement (x1 − x0), leading to the following objective:

L(θ) = Etk∼T , q∼Q
[
‖vθ(xtk , tk)− (x1 − x0)‖22

]
. (3)

The training procedure is illustrated in the top panel of Fig. 2.
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Fig. 4. Architecture of the proposed velocity field network. The query position x is encoded using position embedding, while the timestep t provides time
embedding. The backbone integrates spatial and temporal information via FiLM modulation and positional skip connections. The network predicts a scalar field
dθ(x, t), whose gradient defines the velocity field vθ(x, t).

Reverse Integration: At inference time, we recover the surface
projection by integrating the learned velocity field backward
from the query point:

xtk−1 = xtk −Δtk vθ(xtk , tk), k = K, . . . , 1.

This yields the estimated source state:

x0 = x1 −
K∑

k=1

Δtk vθ(xtk , tk). (4)

According to (2), the unsigned distance is given by the dis-
placement magnitude induced by the learned transport:

f(q) = ‖x1 − x0‖. (5)

The reverse integration and UDF estimation process is illustrated
in the bottom panel of Fig. 2.

Overall, the proposed framework establishes a unified
pipeline that connects trajectory construction, velocity super-
vision, and reverse integration, ensuring consistency between
training and inference while enabling accurate and numerically
stable UDF estimation on point clouds.

C. Network Architecture

As shown in Fig. 4, the proposed network takes a query
position x and timestep t as input and predicts a velocity field
vθ(x, t). The backbone is a multilayer perceptron (MLP) that
integrates spatial and temporal information via position em-
bedding, time embedding, skip connections, and Feature-wise
Linear Modulation (FiLM) [67].

The input position x is mapped to a high-dimensional repre-
sentation using sinusoidal position embedding with frequency

bandwidth F :

fpos(x) =
[
x, sin(20πx), cos(20πx), . . . ,

sin(2F−1πx), cos(2F−1πx)
]
, (6)

which enables modeling of high-frequency spatial varia-
tions [68]. The encoded feature in (6) is used to initialize the
network input:

h0 = fpos(x).

The backbone MLP consists of L layers, where the feature is
updated as:

hl+1 = σ(Wlhl + bl), l = 0, . . . , L− 1,

with σ(·) denoting a non-linear activation function. To preserve
spatial information across layers, skip connections are intro-
duced as

Sl(hl) =
{

Concat(hl, h0), l ∈ Ls,
hl, otherwise,

where Concat(·) denotes feature concatenation and Ls denotes
the set of layers where skip connections are applied.

The timestep t is encoded using a sinusoidal embedding with
a learnable frequency vector w ∈ R

D:

ftime(t) = [t, sin(2πwt), cos(2πwt)] . (7)

The time embedding in (7) is mapped into FiLM parameters:

(scale, shift) = MLP
(
ftime(t)

)
,
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which depend only on t and are shared across layers. Temporal
modulation is applied through the FiLM operator:

Tl(zl) =
{
zl � scale+ shift, l ∈ Lt,
zl, otherwise,

where � denotes element-wise multiplication and Lt denotes
the set of layers where FiLM is applied.

Combining spatial skip connections and temporal modula-
tion, the feature transformation at layer l is expressed as

hl+1 = σ
(
WlTl

(
Sl(hl)

)
+ bl

)
, l = 0, . . . , L− 1.

The final feature is mapped to a scalar field:

dθ(x, t) = ψ(hL),

where ψ(·) denotes the output activation function. The velocity
field is then defined as:

vθ(x, t) = dθ(x, t)∇xdθ(x, t), (8)

where∇xdθ(x, t) is computed via differentiation. This construc-
tion induces a conservative vector field, leading to stable and
geometrically consistent trajectory evolution.

Lemma 1: For any fixed t, the velocity field vθ(x, t) defined
in (8) is curl-free with respect to x.

Proof: Since vθ(x, t) = ∇x(
1
2dθ(x, t)

2), it is a gradient field,
implying ∇x × vθ(x, t) = 0. �

Thus, the velocity field can be interpreted as a gradient flow
induced by the energy function E(x, t) = 1

2dθ(x, t)
2. The dy-

namics dx
dt = vθ(x, t) correspond to gradient descent onE(x, t)

with respect to x, establishing a connection to energy-based
modeling where dθ(x, t) defines an implicit energy landscape.
Consequently, the induced trajectories follow stable descent
directions toward the underlying surface, providing a principled
explanation for the improved reconstruction quality.

D. Iterative Densification for Trajectories

We propose an iterative densification process that transforms
discrete point-based supervision into continuous surface-level
constraints via learned transport. The input point cloud provides
a discrete sampling of the underlying surface S , where shortest
paths constructed from point pairs may deviate from the true
surface under sparse and non-uniform conditions. Under the
linear ODE formulation, flow trajectories exhibit a non-crossing
property [62], while neural networks exhibit a low-frequency
bias. These properties encourage smooth transport along the
underlying manifold, enabling implicit geometric completion.

Based on this observation, shortest-path supervision is formu-
lated as an iterative process. At each iteration, the velocity field is
fitted from the current point cloud and used to reversely transport
query points toward the surface, progressively densifying the ge-
ometry. This process transitions supervision from discrete point
constraints to continuous surface-level constraints, improving
shortest-path estimation.

Let the point cloud at iteration n be denoted as Pn. The ve-
locity field is fitted by the framework introduced in Section III-B
as

vnθ ← Fitting(Pn).

Fig. 5. Iterative densification process. Top: input point cloudP 0 and densified
point cloud P 1 and PN across iterations. Bottom: reconstructed surfaces from
UDFs induced by the corresponding velocity fields v0θ , v1θ , and vNθ .

Query points Qn are sampled in the neighborhood of Pn and
reversely transported using vnθ via (4):

Qn vn
θ−−→ Q̂n,

yielding candidate surface points Q̂n for densifying Pn. To
mitigate instability caused by projection bias in early stages,
only points satisfying the UDF constraint are retained:

Pn+1 = Pn ∪
{
q̂ ∈ Q̂n | fn(q̂) < ε

}
,

where fn(·) denotes the UDF induced by vnθ in (5) and ε is a
threshold. The densification step is written as

Pn+1 ← Reflow(Pn, vnθ ).

The process alternates between velocity fitting and point cloud
densification:

P 0 Fitting−−−→ v0θ
Reflow−−−→ P 1 Fitting−−−→ v1θ · · ·

Reflow−−−→ PN Fitting−−−→ vNθ ,
(9)

where N denotes the number of iterations. The full process
is illustrated in Fig. 5. Due to the sparsity of the initial point
cloud, the reconstructed surfaces exhibit severe fragmentation.
As iterative densification proceeds, the point cloud becomes pro-
gressively enriched, leading to improved surface reconstruction
quality.

As a result, the densification process in (9) shifts supervision
from discrete samples to surface-level constraints, encouraging
meaningful shortest-path trajectories. By alleviating sparsity and
sampling irregularity, it improves reconstruction completeness,
smoothness, and topological consistency.
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TABLE I
QUANTITATIVE COMPARISON ON THE SHAPENET CARS CATEGORY. †

INDICATES SUPERVISED METHODS, WHILE THE OTHERS ARE

SELF-SUPERVISED. BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN

BOLD AND UNDERLINED, RESPECTIVELY.

TABLE II
QUANTITATIVE COMPARISON ON THE MGN DATASET. † INDICATES SUPERVISED

METHODS, WHILE THE OTHERS ARE SELF-SUPERVISED. BEST AND

SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD AND UNDERLINED,
RESPECTIVELY.

IV. EXPERIMENTS

A. Experimental Setup

Implementation Details: All experiments are conducted on a
workstation equipped with an NVIDIA RTX 4090 GPU (24 GB)
and an Intel i7-12700 K CPU. The network is implemented as
a multilayer perceptron (MLP) with depth L = 12 and width
H = 256, and operates overK = 5 discrete time steps. Position
embedding uses a frequency bandwidth of F = 5, with skip
connections applied at layers Ls = [4, 8]. The time variable is
embedded using a learnable weight D = 16, and injected via
FiLM modulation at layers Lt = [0, 4, 8]. ReLU is adopted as
the activation function for both the hidden layers σ(·) and the
output layer ψ(·). The model is trained for 60 k iterations using
the Adam optimizer, with an initial learning rate of 1× 10−3,
followed by cosine decay with a warm-up phase of 1 k iterations.

In the standard experiments (Sections IV-B and IV-C), recon-
struction is performed directly from the input point clouds with-
out iterative densification. A total of 30 k input points are used,
uniformly sampled from the ground-truth surface for synthetic
datasets. For scanned datasets, point clouds are directly sampled
to 30 k points. Densification is enabled only for sparse-input
experiments, including the densification study (Section IV-F)
and robustness evaluation (Section IV-G). The target point count
is set to 30 k, and 2k points are inserted per iteration. Unless
otherwise specified, the UDF threshold is fixed at ε = 0.005.

Surface Extraction: For UDF-based methods, surfaces are
extracted using the CAP-UDF zero-level set extraction [17] at
a resolution of 2563. The same configuration is used for all
UDF baselines for fair comparison. For SDF-based methods,
Marching Cubes is applied at the same resolution.

Evaluation Metrics: Following prior work [17], [52], we
evaluate reconstruction quality using L1-Chamfer Distance (L1-
CD), Normal Consistency (NC), and F-score (FS). For each
tested mesh, 100 k points are sampled for evaluation. L1-CD
measures the mean bidirectional L1 distance between predicted
and ground-truth point clouds (scaled by 103), while NC com-
putes the mean cosine similarity between predicted and ground-
truth normals (reported in %). FS is defined as the harmonic
mean of precision and recall, and reported at thresholds FS0.01

and FS0.005. For real-world scans where only point cloud ground
truth is available, NC is not reported.

B. Non-Watertight Surface Reconstruction

Our comparisons on non-watertight surface reconstruction
are conducted using both synthetic and real-world datasets.
We compare our method against two categories of state-of-
the-art approaches: supervised and self-supervised UDF recon-
struction methods. The supervised baselines include NVF [13]
and GeoUDF [69], which rely on ground-truth supervision to
train generalizable models. The self-supervised baselines consist
of DUDF [51], DEUDF [47], CAP-UDF [17], and Levelse-
tUDF [21], where neural implicit fields are optimized indepen-
dently for each test shape.

Evaluation on ShapeNet: ShapeNet [70] is a synthetic dataset
containing diverse CAD models. Following the evaluation pro-
tocol of NDF [71] and CAP-UDF [17], we evaluate on Cars
category, which contains a high proportion of shapes with
complex internal and multi-layered structures. We randomly
select 10 shapes from this category and sample 30 k surface
points from each as input. Quantitative results are reported
in Table I, where our method achieves the best performance
across all evaluated metrics. Qualitative comparisons are shown
in Fig. 6. GeoUDF produces surfaces with noticeable holes,
while DUDF generates overly rough reconstructions (Fig. 6(b)
and (c)). CAP-UDF and LevelsetUDF introduce artifacts on
the outer or internal layers (Fig. 6(e) and (f)), degrading the
visual quality of the reconstructed surfaces. In contrast, our
method reconstructs nested multi-layer surfaces more faithfully,
preserves distinct internal structures, and avoids such artifacts,
particularly in piecewise-smooth regions.

Evaluation on MGN: MGN [72] is a synthetic dataset com-
posed of open garment surfaces. We randomly select 20 shapes
and sample 30 k points from each shape as input. Quantitative
results are reported in Table II, where our method achieves the
best performance across all metrics. Qualitative comparisons
are presented in Fig. 7. NVF and GeoUDF fail to recover
fine geometric details, while DUDF and CAP-UDF introduce
topological artifacts, particularly near open boundaries such
as garment cuffs (see the zoom-in views in Figs. 7(a), (b),
(c), and (e)). In contrast, our method preserves the topological
correctness of open surfaces while maintaining clean boundary
contours, highlighting its effectiveness in reconstructing thin
surfaces with complex boundaries, such as clothing.

Evaluation on 3D Scene: To further evaluate performance
on real-world data, we conduct experiments on the 3D Scene
dataset [73], which contains RGB-D videos and reconstructed
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Fig. 6. Qualitative comparison on the ShapeNet Cars category with multi-layered structures. Zoomed-in views show that our method accurately reconstructs
nested surfaces and preserves distinct internal layers without visual artifacts.

Fig. 7. Qualitative comparison on the MGN dataset for thin surfaces with complex boundaries. The zoomed-in views show that our method preserves the
topological correctness of open surfaces while maintaining clean boundary contours.

surfaces from diverse environments (e.g., Burgher, Lounge, and
Copyroom). Following the standard protocol, all methods are
evaluated at sampling densities of 500 and 1,000 points/m2.
Quantitative results are reported in Table III. Our method ranks
first at 500 points/m2, achieving the best performance in L1-CD,
FS0.005, and NC, and obtains the second-best result in FS0.01

at 1,000 points/m2. Qualitative comparisons in Fig. 8 show
that most competing methods introduce noticeable artifacts in
real-world scenes, whereas our method better preserves geo-
metric structures and smooth regions, demonstrating improved
robustness.

C. Watertight Surface Reconstruction

To evaluate our approach on watertight surfaces, we com-
pare against representative SDF- and UDF-based reconstruction
methods on four widely used datasets. SDF-based baselines
include IGR [15], SIREN [46], NSH [19], StEik [74], and PG-
SDF [49], while UDF-based methods include CAP-UDF [17],
DUDF [51], and LevelsetUDF [21].

Evaluation on Stanford 3D Scanning Repository and ABC:
We further evaluate our method on two watertight bench-
marks: the Stanford 3D Scanning Repository [32] and the ABC
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TABLE III
QUANTITATIVE COMPARISON ON THE 3D SCENE DATASET AT TWO SAMPLING DENSITIES. † INDICATES SUPERVISED METHODS, WHILE THE OTHERS ARE

SELF-SUPERVISED. BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD AND UNDERLINED, RESPECTIVELY.

Fig. 8. Qualitative comparison on the 3D Scene dataset under complex real-world scenarios. The zoomed-in views show that our method suppresses visible
artifacts, preserves geometric structures, and reconstructs smooth surfaces.

dataset [75]. The Stanford dataset contains 22 curated watertight
models, while the ABC dataset comprises a large collection of
CAD shapes, from which we select 100 representative models.
For both datasets, 30 k points are uniformly sampled from each
shape as input. Quantitative results are reported in Table IV. On
the Stanford dataset, our method achieves the best performance
in L1-CD, FS0.01, and FS0.005, and ranks second in NC. On
the ABC dataset, it achieves the best results across all metrics.
Qualitative comparisons (Figs. 9 and 10) show that competing
methods tend to oversmooth surfaces or fail to preserve fine
structures. On the Stanford dataset, our method better retains
high-frequency details such as embossed text and brick textures
(Fig. 9(g)). On the ABC dataset, prior methods exhibit structural
breakage or fail to reconstruct thin structures and small holes

(Fig. 10(d)–(f)), whereas our method preserves correct topol-
ogy and more accurately recovers sharp features and smooth
regions.

Evaluation on SRB and Real Scans: The Surface Reconstruc-
tion Benchmark (SRB) [76] evaluates reconstruction methods
under realistic scanning conditions, including missing data and
measurement noise. To further assess robustness to real-world
interference, we also include the Real Scans dataset [77], which
contains scan misalignments and sensor noise from real ac-
quisition. Quantitative results are reported in Table V. Our
method achieves the best performance across all metrics on both
datasets. Qualitative comparisons are shown in Fig. 11. Levelse-
tUDF struggles to recover correct topology, while CAP-UDF is
sensitive to noise and introduces noticeable surface artifacts.
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TABLE IV
QUANTITATIVE COMPARISON ON STANFORD 3D SCANNING REPOSITORY AND THE ABC DATASET. BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD

AND UNDERLINED, RESPECTIVELY.

Fig. 9. Qualitative comparison on Stanford 3D Scanning Repository. The zoomed-in views show our method preserves fine details and high-frequency geometric
features.

Fig. 10. Qualitative comparison on the ABC dataset for CAD surfaces. The zoomed-in views show that our method accurately reconstructs sharp edges, corners,
and piecewise smooth surfaces.

Our method suppresses noise while preserving the underlying
surface structure.

D. Ablation Studies

We conduct ablation studies to analyze the impact of timestep
selection, network modules, network architecture and the it-
erative densification strategy. The results are summarized in
Table VI, with the default implementation following the settings
in Section IV-A. All variants are evaluated on ten representative

models selected from the Stanford 3D Scanning Repository to
ensure a consistent comparison.

Effect of Timestep K: We evaluate different timestep settings
to determine the appropriate transport discretization. As shown
in Table VI, a small timestep number fails to accurately model
the continuous transport process, resulting in large errors. In-
creasingK improves reconstruction quality, but the performance
gain gradually saturates. Empirically, K = 5 provides the best
balance between reconstruction accuracy and computational
efficiency.
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TABLE V
QUANTITATIVE COMPARISON ON SRB AND REAL SCANS DATASETS. BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD AND UNDERLINED,

RESPECTIVELY.

Fig. 11. Qualitative comparison under non-ideal inputs on SRB (top) and Real
Scans (bottom). Our method preserves geometric features while suppressing
noise and reconstruction artifacts.

Effect of Network Modules: We study the contributions of
Position Embedding(P-Emb) and Time Embedding(T-Emb) by
comparing different model variants. As shown in Table VI, re-
moving either component degrades reconstruction performance,
while removing both causes the most severe degradation. Specif-
ically, Position Embedding is essential for preserving high-
frequency details, whereas Time Embedding enables the model
to capture temporal dynamics during the evolution process. The
combination of both modules yields the best reconstruction
quality, demonstrating their complementary roles.

Effect of Network Architecture: We further analyze the in-
fluence of network capacity by varying the network depth
L ∈ {8, 12} and hidden dimension H ∈ {128, 256, 512}. As
reported in Table VI, smaller models (e.g., L = 8, H = 128)
lack sufficient representational capacity to model fine structures.
Increasing network capacity generally improves reconstruction
quality. However, expanding the hidden dimension from 256
to 512 provides only marginal improvement while significantly
increasing computational cost.Therefore, we adopt L = 12 and
H = 256 as the default architecture.

TABLE VI
ABLATION STUDY ON TIMESTEP, NETWORK MODULES, NETWORK

ARCHITECTURE FOR RECONSTRUCTION QUALITY ON STANFORD SCANNING

REPOSITORY

TABLE VII
MODEL COMPLEXITY AND EFFICIENCY ANALYSIS ON STANFORD SCANNING

REPOSITORY

Effect of Iterative Densification: We conduct ablation on
sparse inputs of 5 k points by comparing models trained with
densification (up to 30 k points) and without it. As shown in
Table VI, removing densification significantly degrades perfor-
mance. Without densification, sparse inputs fail to provide suffi-
cient surface constraints, leading to fragmented reconstructions.
In contrast, iterative densification progressively fills geometric
gaps and improves supervision, resulting in more complete and
stable surfaces.

E. Complexity and Efficiency Analysis

Table VII compares the model complexity, efficiency, and
reconstruction quality of different overfitting-based methods.
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TABLE VIII
PERFORMANCE COMPARISON UNDER IDENTICAL NETWORK SCALES,

EVALUATING THE EFFECT OF MODEL CAPACITY

Only the field query time on the evaluation grid is reported
as inference time, while Marching Cubes surface extraction is
excluded for all methods. DUDF and CAP-UDF achieve rela-
tively high efficiency but yield lower reconstruction accuracy,
while StEik requires more parameters and still performs worse
than our method. MultiPull, another multi-step projection-based
approach, employs a larger model and substantially higher com-
putational cost than ours. Despite using fewer parameters (1.0 M
vs. 2.6 M) and lower FLOPs (59.3 G vs. 151.9 G), our method
achieves superior reconstruction performance. Although the
proposed trajectory-flow framework incurs additional inference
cost due to its multi-step evolution process, it achieves the best
L1-CD and FS0.01 among all compared methods, demonstrating
a favorable trade-off between reconstruction quality and com-
putational efficiency.

Impact of Network Capacity: We further examine whether
the performance gains are due to increased network capacity.
CAP-UDF, LevelsetUDF, and our method are evaluated un-
der both (8× 256) and (12× 256) architectures. As shown in
Table VIII, while all methods benefit from larger networks,
our method consistently outperforms the competing approaches
under both settings. This suggests that the improvement mainly
stems from the proposed trajectory-flow modeling rather than
increased model capacity.

F. Densification Strategy Analysis

Our method targets object-level and local-scene neural im-
plicit surface reconstruction rather than large-scale scanning or
downstream tasks such as object recognition and 3D detection.
Following the standard protocol, the input density of 30k points
is commonly used to evaluate neural implicit reconstruction
methods. Denser point clouds (e.g., 100k points), as employed
by classical methods such as Screened Poisson Reconstruc-
tion [23], would substantially increase training and querying
costs while exceeding the reconstruction regime considered
here. To accommodate sparser inputs, we apply the proposed
densification strategy to upsample the point cloud to 30 k points,
ensuring fair comparison, sufficient geometric constraints, and
computational efficiency.

Effect of UDF Threshold: The threshold ε controls the strict-
ness of the filtering process by determining whether candidate
points are sufficiently close to the underlying surface for inser-
tion. As shown in Fig. 12, disabling this mechanism introduces
numerous erroneous candidates and causes noticeable recon-
struction artifacts. A small threshold (ε = 0.001) over-rejects
valid points and impairs surface completion, while a large

Fig. 12. Effect of the threshold ε on iterative densification. A moderate value
(ε = 0.005) achieves the best trade-off between reconstruction stability and
surface completeness.

Fig. 13. Generalization of the densification strategy. (a) Input point cloud
(5k points). (b) CAP-UDF. (c) CAP-UDF∗, i.e., CAP-UDF equipped with
the proposed densification, showing improved surface completeness. (d) Our
method, achieving the best reconstruction quality through the combination of
densification and flow-guided projections.

threshold (ε = 0.01) admits off-surface samples and degrades
reconstruction quality. In practice, ε = 0.005 achieves a good
trade-off between stability and completeness and is used in all
experiments.

Generalization and Plug-and-Play Capability: The proposed
densification strategy depends only on UDF values and gra-
dients, making it readily applicable to other neural implicit
reconstruction methods. As shown in Fig. 13, integrating it into
CAP-UDF improves surface completeness and reconstruction
quality, demonstrating its plug-and-play effectiveness. While
the strategy generalizes well across UDF-based methods, the
best results are achieved within our full framework, where
flow-guided projections provide more accurate candidate points
for densification.

G. Robustness Evaluation

Robustness to Challenging Conditions: To further evaluate
robustness, we conduct experiments under six challenging input
conditions, including outliers, disconnected components, non-
uniform sampling, noisy real scans, high-genus topology, and
structural missing data. These settings cover a broad spectrum
of non-ideal geometric and sampling scenarios encountered in
practice. Fig. 14 presents qualitative comparisons of DUDF,
CAP-UDF, and the proposed method under these conditions.
Noisy real scans are particularly challenging, as measurement
noise corrupts surface observations and degrades geometric
fidelity. Structural missing regions introduce another difficulty:
although our densification strategy improves geometric cover-
age, it cannot fully recover severely under-observed structures,
such as corners and edges. In contrast, under the remaining
degradation types, the proposed trajectory flow demonstrates
strong adaptability and consistently maintains stable reconstruc-
tion quality across diverse inputs.
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Fig. 14. Robustness comparison under challenging input conditions. From top
to bottom: point clouds with outliers, disconnected components, non-uniform
sampling, high-genus topology, severe noise, and structural missing data.

Fig. 15. Reconstruction under varying input sparsity. The first row shows
input point clouds with 5k, 3k, and 1k points from left to right. The second row
shows the corresponding reconstruction results, demonstrating that the proposed
densification strategy preserves overall geometry under sparse inputs, while
quality degrades under extremely sparse observations.

Robustness to Input Sparsity: Fig. 15 presents reconstruction
results under varying input sparsity levels. When sufficient
geometric cues are available (Figs. 15(a) and (b)), the pro-
posed trajectory-flow framework with the densification strategy
successfully recovers the overall shape and major geometric
structures. Under extremely sparse input (Fig. 15(c)), however,

Fig. 16. Reconstruction under varying noise levels. The first row shows input
point clouds with 0.1%, 0.3%, and 0.5% Gaussian noise. The second row shows
the corresponding reconstructions, illustrating the robustness of the proposed
method to moderate noise while preserving geometric details.

TABLE IX
QUANTITATIVE COMPARISON WITH RECENT STATE-OF-THE-ART SUPERVISED

METHODS† ON THE STANFORD 3D SCANNING REPOSITORY. BEST RESULTS ARE

HIGHLIGHTED IN BOLD.

the lack of observations limits the recovery of fine details and
missing structures.

Robustness to Noise: Fig. 16 presents reconstruction results
under varying noise levels. As shown in Figs. 16(a) and (b), the
proposed method suppresses noise while preserving geometric
details. When the noise level exceeds the scale of local geomet-
ric features, reconstruction quality degrades and some details
become blurred (Fig. 16(c)).

H. Trajectory-Flow Versus Supervised Methods

To further validate the effectiveness of the proposed trajec-
tory flow, we compare it with recent supervised reconstruction
methods, including HSDF [44], DITTO [78], and LoSF [40].
As reported in Table IX, the proposed method consistently
achieves the best performance across all evaluation metrics.
These results demonstrate that the trajectory-flow formulation
can achieve superior reconstruction accuracy without requiring
external supervision or learned priors.

V. LIMITATIONS AND FUTURE WORK

The primary limitation of our method is inference efficiency.
Unlike single-step approaches, the proposed trajectory-flow
framework relies on a multi-step evolution process, resulting
in repeated network evaluations and increased inference
time. Future work will investigate adaptive sampling and
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geometry-aware step-size strategies to improve efficiency while
preserving reconstruction quality.

Another limitation arises under severely noisy and under-
observed inputs, as shown in Fig. 14. These cases are funda-
mentally constrained by the lack of reliable observations, which
limits the recoverable geometry and fine details. Future work
will explore geometry-driven restoration densification to better
handle noisy and incomplete inputs.

A further limitation of the proposed trajectory flow is that
projection accuracy gradually decreases with increasing dis-
tance from the target surface, as longer transport trajectories
accumulate larger integration errors and exhibit greater geo-
metric ambiguity, as shown in Fig. 3. Since reconstruction
primarily relies on near-surface projections, this effect has
limited influence on the final reconstruction quality. In addi-
tion, a fixed integration budget may not be optimal for query
points with different distances or noise levels. Future work
will explore adaptive integration schemes that allocate com-
putation according to query-point location and local geometric
complexity.

VI. CONCLUSION

We present a new perspective on self-supervised implicit
surface reconstruction by reformulating distance estimation as
a globally constrained trajectory evolution process. Instead of
local displacement regression, we model unsigned distance pre-
diction as deterministic transport along geometrically consistent
trajectories between surface samples and query points. This
formulation embeds shortest-path structure into the evolution
dynamics, providing an intrinsic constraint that stabilizes opti-
mization and mitigates local errors.

Our bidirectional linear flow enforces global consistency,
while the iterative densification strategy progressively refines
geometric structure from sparse samples to continuous surfaces.
Together, these components transform shortest-path modeling
from local approximation to global transport, improving robust-
ness under challenging sampling conditions. Extensive experi-
ments demonstrate state-of-the-art performance across multiple
benchmarks.

Beyond empirical gains, our formulation suggests a broader
perspective, implicit distance fields can be understood as the
outcome of geometric evolution rather than scalar regression.
This viewpoint highlights the potential of integrating geometric
constraints and continuous dynamics into neural implicit repre-
sentations, opening new directions for stable and interpretable
surface reconstruction.
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