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Fig. 1. Reconstruction results on the Biplume dataset, featuring highly turbulent flow dynamics. We compare our re-simulation results against the Ground
Truth from two distinct viewpoints at different timestamps. Additionally, we visualize the predicted velocity magnitude using a heatmap, demonstrating our
method’s ability to capture intricate flow details. Quantitatively, our re-simulation achieves high fidelity, with sequence-averaged metrics of 37.70 PSNR,
0.9764 SSIM, and 0.0758 LPIPS over the full re-simulation sequence , indicating rigorous transport consistency enabled by a physically plausible velocity

reconstruction that is divergence-free by construction.

Reconstructing 3D fluid velocity fields from sparse 2D video observations
is a highly ill-posed inverse problem, demanding both transport consis-
tency with observed motion and physical validity under fluid laws. Ex-
isting methods typically impose these constraints through soft penalties,
often leading to compromised accuracy and convergence issues. We intro-
duce a reconstruction framework that structurally enforces both constraints.
Specifically, we parameterize the reconstructed velocity using a contin-
uous Divergence-Free Kernel representation, driving the advection of a
Lagrangian 3D Gaussian Splatting representation. This formulation intrin-
sically guarantees both flow incompressibility and long-range transport
coherence by construction. To enable the efficient optimization of such
a constrained system, we introduce a novel Sliding Window scheme that
propagates gradients over meaningful temporal horizons while maintaining
tractable training costs. Experiments on synthetic and real-world datasets
demonstrate that our method outperforms state-of-the-art baselines in both
transport consistency and physical accuracy, enabling applications such as
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high-quality re-simulation and flow analysis. Our implementation is released
at https://github.com/taoningxiao/LagrangianSplats.git.
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1 INTRODUCTION

Fluid phenomena are ubiquitous and captivating. Reconstructing
their underlying dynamics, specifically the 3D velocity field, from
sparse 2D videos is a critical pursuit in computer vision and graph-
ics. This capability unlocks broad applications ranging from special
effects [Gregson et al. 2014] and aerodynamics analysis [Rosset et al.
2023] to high-fidelity forecasting [Bi et al. 2023]. However, this task
presents a formidable ill-posed inverse problem due to the inherent
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ambiguity of inferring 3D flow from 2D visual inputs. A success-
ful reconstruction of the velocity field must simultaneously satisfy
two rigorous criteria. First, transport consistency requires that the
reconstructed velocity field correctly advects the smoke density to
reproduce the observed temporal evolution. Second, physical valid-
ity demands that the recovered flow obeys fundamental fluid laws,
such as incompressibility and momentum conservation. Achieving
both objectives within a unified framework remains a significant
challenge.

Existing methods struggle to enforce strict transport consistency.
Eulerian approaches like PINF [Chu et al. 2022] and HyFluid [Yu
et al. 2023] model density and velocity as neural fields. While demon-
strating the potential of joint optimization, their Eulerian nature
lacks explicit long-term temporal correspondence. Their short-range
advection supervision often traps velocity optimization in local min-
ima, preventing efficient convergence to globally accurate transport.

Several methods attempt to improve long-term transport consis-
tency. PICT [Wang et al. 2024] enforces consistency using neural
trajectory representations. However, it relies on aggressive regu-
larization to ensure trajectory validity, forcing the reconstruction
toward overly smoothed dynamics and suppressing turbulent trans-
port. A theoretically more robust solution is GlobalTransport [Franz
et al. 2021], which defines the smoke reconstruction by explicitly
advecting a canonical initial volume throughout the entire sequence.
However, its reliance on differentiable rendering and advection
makes it computationally prohibitive, restricting its use to scenarios
with known lighting conditions and obstacle geometry. As a scene
representation, 3D Gaussian Splatting (3DGS) [Kerbl et al. 2023]
offers a promising Lagrangian perspective. FluidNexus [Gao et al.
2025] adapts this paradigm for single-view smoke reconstruction by
advecting Gaussians through time. Despite its Lagrangian nature, it
relies on greedy frame-to-frame velocity estimation, which discards
valuable long-range gradients needed to disambiguate complex flow
dynamics.

In parallel to transport issues, ensuring physical validity remains
a critical bottleneck. Whether employing implicit neural fields [Chu
et al. 2022; Yu et al. 2023; Wang et al. 2024] or Position-Based Fluid
representations [Gao et al. 2025], these approaches typically super-
vise the velocity field using soft PINN [Raissi et al. 2019] penalties
derived from fluid laws. However, optimization based on soft con-
straints is often difficult to converge and cannot strictly guarantee
physical plausibility. In particular, failure to strictly enforce the
divergence-free condition introduces degeneracies: the reconstruc-
tion may explain temporal changes through artificial sources and
sinks rather than through material transport. This ambiguity cor-
rupts the velocity recovery and limits physical interpretability.

We present a unified reconstruction framework that enforces
both constraints by construction. To ensure physical validity, we
parameterize the velocity field using the Divergence-Free Kernel
(DFK) representation [Ni et al. 2025]. Eliminating the need for soft
penalties, this approach inherently guarantees incompressibility and
effectively avoids nonphysical density hallucinations. To achieve
transport consistency, we employ a Lagrangian approach where
dynamic smoke is represented by 3D Gaussian primitives advected
from the initial frame using the DFK velocity field. While optimizing
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the full dependency chain offers a strong global constraint, it is com-
putationally prohibitive. Therefore, we introduce a Sliding Window
optimization strategy. This mechanism restricts gradient propaga-
tion to effective temporal horizons, preserving essential long-range
transport logic while ensuring computational tractability.

Our main contributions are summarized as follows:

o We propose a strictly divergence-free fluid velocity field recon-
struction framework by integrating 3DGS with the DFK repre-
sentation, achieving results that are both transport-consistent
and physically accurate.

e We introduce a Sliding Window optimization mechanism that
enforces Lagrangian transport consistency over meaningful
temporal horizons, enabling effective long-range gradient
propagation for accurate flow dynamics recovery.

e We demonstrate state-of-the-art performance in velocity field
reconstruction on both synthetic and real datasets, facilitating
downstream applications such as high-fidelity re-simulation
and quantitative flow analysis.

2 RELATED WORK

Fluid Reconstruction from Sparse Views. Reconstructing 3D fluid
dynamics is a problem of significant interest across both computer
graphics and scientific research. Early scientific approaches like
structured light [Gu et al. 2012; Ji et al. 2013; Atcheson et al. 2009]
and PIV [Grant 1997; Elsinga et al. 2006; Xiong et al. 2017] relied
on specialized hardware, limiting them to laboratory settings. In
graphics, efforts shifted towards reconstructing fluids from multi-
view RGB videos input. ScalarFlow [Eckert et al. 2019] demonstrated
this by integrating differentiable fluid solvers into the reconstruction
loop. Notably, GlobalTransport [Franz et al. 2021] introduced a
strict Lagrangian formulation, defining the smoke state by explicitly
advecting a canonical initial volume. While this guarantees long-
term transport consistency, its reliance on traditional differentiable
volume rendering incurs computational bottlenecks.

Implicit Neural Representations (INRs) offer a promising contin-
uous alternative to traditional discretizations. This paradigm has
achieved remarkable success across geometry modeling [Park et al.
2019; Saito et al. 2019; Mescheder et al. 2019; Peng et al. 2020],
neural rendering [Mildenhall et al. 2020; Barron et al. 2021; Miiller
et al. 2022], and physics simulation [Chen et al. 2023]. In the con-
text of fluid reconstruction, recent works have leveraged INRs to
jointly model density and velocity fields. PINF [Chu et al. 2022]
and HyFluid [Yu et al. 2023] incorporate physics-informed losses
to enhance physical plausibility, while NeuSmoke [Qiu et al. 2024]
combines 3D neural fields with 2D refinement for efficiency. To
enforce temporal coherence, PICT [Wang et al. 2024] adopts a
trajectory-based representation for long-term supervision. However,
its over-constrained formulation often limits its ability to capture
fine-grained turbulent details. More broadly, INRs generally depend
on PINN-based objectives [Raissi et al. 2019], whose ill-conditioned
optimization landscape often hinders effective training and limits
reconstruction fidelity [Rathore et al. 2024; Cao and Zhang 2025].

3D Gaussian Splatting for Dynamic and Fluid Scenes. The advent of
3D Gaussian Splatting [Kerbl et al. 2023] has catalyzed a shift toward
dynamic scene reconstruction. Numerous approaches [Luiten et al.
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2024; Yang et al. 2024; Wu et al. 2024; Duan et al. 2024; Hong et al.
2025] extend 3DGS to the temporal domain, primarily prioritizing
visual fidelity in general scenes.

To enable physically plausible fluid reconstruction, recent works
have integrated physics-informed supervision into the 3DGS frame-
work. GaussFluids [Du et al. 2025] incorporates a density-based
soft constraint to guide particle distribution and encourage incom-
pressibility, yet it lacks explicit momentum supervision governed
by the Navier-Stokes equations. FluidGS [Xie et al. 2025] transfers
Gaussian density fields to Eulerian grids to apply PINN constraints;
however, this supervision remains a soft regularization restricted
to a localized temporal horizon. Most closely related to our work is
FluidNexus [Gao et al. 2025], which sharing a similar Lagrangian
motivation to advect 3DGS using Position-Based Fluid represen-
tation [Macklin and Miller 2013]. However, FluidNexus adopts a
sequential, frame-by-frame estimation strategy, which discards valu-
able long-range gradients from future frames. Our approach diverges
by addressing the problem through a global transport perspective,
capturing long-range temporal dependencies often overlooked by
greedy, sequential updates.

Divergence-Free Velocity Representation. Divergence-free motion
is critical for realistic fluid simulation. Traditional solvers typically
enforce incompressibility via pressure projection [Zhu and Brid-
son 2005; Jiang et al. 2015; Bridson 2015; Stam 2023]. Recent re-
search has explored representations that are divergence-free by
construction, such as maintaining vector potentials [Chang et al.
2021; Lyu et al. 2024] or employing specialized grid interpolation
schemes [Nabizadeh et al. 2024; Roy-Chowdhury et al. 2024]. In
the data-driven domain, efforts have been made to encode these
physical constraints into neural architectures. For instance, Kim
et al. [2019] trained Convolutional Neural Networks to predict ve-
locity potentials, while Richter-Powell et al. [2022] proposed neural
parameterizations that inherently satisfy the divergence-free condi-
tion. Unlike these grid-based or implicit approaches, we adopt the
Divergence-Free Kernel [Ni et al. 2025]. Its mesh-free, analytically
incompressible nature naturally complements the Lagrangian 3DGS,
ensuring continuous fields suitable for sparse particle advection.

3 BACKGROUND

In this section, we briefly review the foundational representations
that underpin our framework: 3D Gaussian Splatting (Sec. 3.1) and
Divergence-Free Kernels (Sec. 3.2).

3.1 3D Gaussian Splatting

3D Gaussian Splatting [Kerbl et al. 2023] represents a scene as a
set of 3D anisotropic Gaussians. Each Gaussian k is parameterized
by its mean position pi € R3, covariance matrix Xy, opacity o €
[0, 1], and view-dependent color represented by spherical harmonics.
To ensure positive semi-definiteness, the covariance matrix X is
further decomposed into a scaling matrix Sy and a rotation matrix
Ry, such that g = RkSkSZRZ.

To render an image from a specific viewpoint, the 3D Gaussians
are projected onto the 2D image plane. The pixel color C(p) is
computed using volumetric a-blending, sorting the Gaussians from
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front to back:
i-1
cp) = Y. coi | |-y, (1)
ieN j=1
where c; is the color of the i-th Gaussian, and o; is the effective
opacity computed by multiplying the learned opacity «; with the
projected 2D Gaussian’s probability density. This explicit representa-
tion allows for real-time rasterization and efficient differentiability,
which is crucial for our long-range transport optimization.

3.2 Divergence-Free Kernel

DFK [Ni et al. 2025] represent velocity field v(x) over a spatial
domain as a linear combination of matrix-valued kernels g;:

vm=2w®m, @)

where w; € R? is the trainable weight vector associated with the i-
th kernel centered at x;. The matrix-valued kernel g; : R — R3*3
is derived from a scalar radial basis function via a second-order
differential operator:

Pi(x) = (=IV -V +VVT) $;(x), (3)

where I is the identity matrix, VVT denotes the Hessian operator,
and ¢; (x) is a scalar kernel defined as:

”X—Xi”)
.

. @

$i(x)=¢ (
with h; being the support radius. Following Ni et al. [2025], we
employ the Wendland C*-continuous piecewise-polynomial func-
tion [Wendland 1995] as the radial basis function ¢(r).

By construction, the divergence of the resulting field v(x) in
Eq. (2) is guaranteed to be identically zero for any choice of weights
;. Beyond ensuring incompressibility, this representation offers
several desirable properties, including compact support, positive
definiteness, and second-order differentiability, making it an ideal
parameterization for physically plausible fluid reconstruction.

4 METHOD

This section describes our reconstruction framework. Given sparse
multi-view videos of smoke, our goal is to jointly recover both the
evolving smoke and the driving velocity field. As illustrated in Fig. 2,
our physics-integrated framework seamlessly combines the efficient
differentiable rendering of 3DGS with the physical guarantees of
DFK-parameterized velocity. At its core is a Lagrangian-based opti-
mization scheme that drives advection via a strictly divergence-free
velocity field, inherently ensuring both transport consistency and
physical plausibility by construction.

We first define our hybrid representation in Sec. 4.1, coupling
3DGS geometry with the DFK velocity parameterization. Building
on this model, Sec. 4.2 introduces our Sliding Window strategy, an
algorithm designed to capture long-range dynamics effectively by
propagating gradients over manageable temporal horizons. Finally,
Sec. 4.3 outlines the optimization objectives, comprising reconstruc-
tion terms and physics-informed regularizers to guide the joint
recovery process.
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Fig. 2. Overview of our proposed framework. We reconstruct smoke dynamics from sparse-view videos using a hybrid representation of 3DGS (purple
splats) for density and DFK (orange nodes) for velocity. To ensure transport consistency, we employ a Sliding Window strategy. Within the active window,
the smoke state at intermediate frames is explicitly defined by advecting the Gaussians from the window’s start. As indicated by the icons, the Gaussian
parameters at the window start and the velocity fields are optimizable, while the advected states are derived but allow gradients to pass through. Consequently,
gradients from the image loss Limg back-propagate through the advection chain (red dashed arrows), jointly refining the initial Gaussian attributes and the
velocity field with long-term temporal foresight. Physical validity is further enhanced via vorticity and regularization losses Lyor and Lyeg.

4.1 Modeling Smoke with Advected Gaussians

We represent the evolving smoke at time ¢ as a set of 3D Gaussians,
G = (G}, 5)

Crucially, rather than optimizing their positions as free variables,
we treat them as passive tracers carried by the DFK-parameterized
velocity fieldv(x, t). Specifically, the position of each Gaussian at
time ¢ is determined by advecting its initial state from the first frame:

dp;

o v(pi,t),

where Ao (-) denotes the Lagrangian advection operator. In this
way, the movement of Gaussians is explicitly constrained by the
advection process, providing a physically grounded and differen-
tiable link between the reconstructed smoke and the underlying
flow dynamics.

I‘lf = ﬂo—ﬁ(u?’ V)9 (6)

4.2 Sliding Window Optimization

We propose a sliding window strategy to jointly optimize the smoke
and the underlying velocity field from sparse video inputs. Given
a sequence of N frames and a window size w, the optimization
proceeds in two phases: an initial warm-up phase and a subsequent
sliding phase.

Initial Warm-up Phase. We begin by reconstructing the smoke
at the first frame (t = 0) using standard 3D Gaussian Splatting to

provide an initial guess. The optimization then focuses on the initial
window spanning frames [0, w], where the first frame (¢ = 0) acts
as the anchor frame. Within this window, the intrinsic attributes
(e.g., opacity) of the anchor frame are actively optimized as trainable
parameters to refine the initial guess. For any subsequent frame
t € (0, w], the positions of Gaussians are derived via the advection
operator Ao defined in Eq. (6). To enforce short-term physical
consistency, the intrinsic attributes of these advected Gaussians
strictly inherit the updated values from the anchor and remain
constant along the intra-window trajectory.

To ensure training stability, we adopt a progressive strategy. Start-
ing from a short horizon, we gradually extend the advection range
fromt = 1tot = w. At each step, the advected Gaussians are
rendered and supervised by an image reconstruction loss Limg,
which combines L1 and D-SSIM terms [Kerbl et al. 2023]. Gradients
from this loss are back-propagated analytically to update the time-
varying velocity field across the window and the parameters of the
Gaussians at the initial frame.

Crucially, when aggregating gradients over the window, we ac-
count for the diminishing influence of distant physical interactions
by applying a temporal discount factor y € (0, 1). Specifically, to
update the parameters at frame ¢ using future supervision, the ob-
jective is formulated as a weighted sum:

Liotar = ), ¥ Limg(t + ), Y
J
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where j represents the temporal distance from the current frame ¢
to the supervised frame ¢ + j. In our implementation, we set y = 0.9
as the default value. This discounting strategy effectively suppresses
noise arising from long-range dependencies, thereby stabilizing the
joint optimization of the smoke and the underlying velocity field.

Subsequent Sliding Phase. After the warm-up, we transition to the
sliding phase. Consider the window shifting from the span [s—1,s—
1+ w] to [s,s + w], where the start frame index s progresses from 1
to N — 1 — w. At this stage, the Gaussians at frame s — 1 have been
optimized by the previous windows sufficiently. Since the temporal
discount factor y renders the impact of gradients from future frames
negligible on this distant past state, we fix its parameters to truncate
the computational graph.

In the new window, optimization follows a similar advection logic
as the initial warm-up phase, but with a key difference in handling
the anchor frame s. To strictly enforce global Lagrangian consistency,
the positions of Gaussians at frame s are not optimized directly.
Instead, they are constrained to be the result of advecting fixed
positions from frame s—1 using the velocity field vi_1. Consequently,
position-related gradients back-propagated to frame s will flow
further back, optimizing velocity vs_;. This ensures the advection
trajectory connecting the windows remains physically continuous.

While positions are strictly constrained by the advection from the
previous window, the intrinsic attributes (e.g., opacity) of the new
anchor frame s are actively optimized. We initialize these attributes
using values from frame s — 1 to promote temporal smoothness, but
allow them to be optimized as free variables. This enables the model
to capture progressive appearance changes like the diffusion of the
smoke. Crucially, the remaining frames in the window (¢ € (s, s+w])
are advected from this new anchor, strictly inheriting its updated
intrinsic attributes just as in the warm-up phase. Finally, as the
majority of frames in the new window are already pre-optimized, we
bypass the progressive schedule and directly optimize over the full
window width w. This process repeats until the end of the sequence,
efficiently scaling our algorithm to arbitrary video lengths while
enforcing a continuous physical trajectory.

Additionally, to model continuous smoke emission, we designate
a specific inflow region. When a new frame first enters the sliding
window, we augment the model by injecting new Gaussians into this
region. Once added, these new Gaussians are treated identically to
the other advected ones, fully participating in the standard velocity-
driven optimization process.

4.3 Optimization Objectives

The overall optimization objective is designed to jointly ensure high-
fidelity visual reconstruction and physical plausibility. It comprises
two primary components: reconstruction losses that supervise the
smoke’s geometry and appearance against observed videos, and
physics-informed velocity constraints that ensure the underlying
velocity field to adhere to fluid dynamics principles.

Reconstruction Losses. As defined in Eq. (7), our primary supervi-
sion comes from the discounted image reconstruction loss. Given a
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rendered frame and ground truth, the per-frame loss is a combina-
tion of L1 distance and D-SSIM [Kerbl et al. 2023]:

-Eimg = (1 = Assim) L1 + Assim LD-sS1M> (8)

where we set Agim = 0.2.

Additionally, to prevent visual artifacts caused by overly skinny
Gaussian particles, we also apply the anisotropic regularization term
Laniso proposed by Xie et al. [2025]:

2 2 2
Laniso = (Il = syll? + sy = szl[* + llse = s21P), (9)
where sy, sy, sz are Gaussian particles’ scaling factor in each axes.

Physics-Informed Velocity Constraints. While the DFK represen-
tation guarantees the velocity field is divergence-free, we further
enforce physical plausibility through two loss terms.

First, to penalize spurious motion in empty regions where no
smoke density exists to constrain the flow, we impose a regulariza-
tion based on the L; norm of the velocity magnitude:

Lreg = ) V&)1 (10)

This term encourages the velocity field to remain zero in the ab-
sence of smoke, guiding the optimization toward a minimal-energy
solution.

Second, to capture realistic fluid dynamics, we enforce the mo-
mentum conservation described by the Navier-Stokes equations.
Since our field is analytically incompressible, we can work directly
with the Vorticity Transport Equation [Cottet 2001]. We minimize
the residual of the vorticity evolution:

ow

_£ =
vor ot

+(v- VYo - (o-V)v| , (11)
1

where @ = V X v is the vorticity. By combining the hard divergence-

free constraint of DFK with this soft vorticity transport constraint,

our method effectively reconstructs a velocity field that adheres to

the full incompressible Navier-Stokes dynamics.

Total Objective. Finally, we integrate the aforementioned terms
into a unified objective function to guide the joint optimization
process. The total loss is formulated as a weighted sum:

L = Liotal + AanisoLaniso + Areg-greg + Avor Lvor, (12)

where Ly, is the temporally discounted objective from Eq. (7).
The hyperparameters Aapiso, Areg and Ayor control the relative im-
portance of the shape regularization, kinetic energy sparsity, and
vorticity transport consistency, respectively. By minimizing this
composite objective, our method effectively balances the trade-off
between transport consistency and physical accuracy.

5 EXPERIMENTS

We evaluate our method against state-of-the-art approaches on
a diverse set of synthetic and real-world scenarios. Experiments
demonstrate that our framework outperforms existing methods in
terms of both transport consistency and physical validity. In the
following, we will first detail our experimental setup.
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Table 1. Quantitative comparison on the ScalarSyn (synthetic) and ScalarReal (real-world) benchmarks. We evaluate transport consistency using re-simulation
metrics (PSNR, SSIM, LPIPS) and assess physical validity via divergence (Div), velocity error (MSE-v), and directional consistency (Cos-v). Note that both
MSE-v and Cos-v are computed only within the smoke volume, masked by regions where GT density is greater than 0, to focus on the relevant dynamics.
Additionally, while our method guarantees zero divergence analytically, we report the numerical divergence computed via finite differences on the grid for fair
comparison with baselines. Our method consistently outperforms all baselines, achieving the highest visual fidelity and the lowest physical errors.

Model ScalarSyn ScalarReal

PSNR] SSIM{ LPIPS|  Div]  MSE-u] Cos-w] PSNR] SSIM{ LPIPS|  Div]  MSE-s] Cos-o]
PINF 30.06 0.9225 0.08284 0.004024 0.1465 0.03890 31.24 0.9635 0.1020 0.003482 - -
PICT 31.00 0.8998 0.1000 0.002380 0.1166  0.06472 31.97 0.9490  0.09932  0.002177 - -
HyFluid 32.41 0.9340 0.08536 0.3268 0.4033 0.1367 32.62 0.9555 0.08186 0.003058 - -
FluidNexus  31.93 0.9501 0.1087 0.01774 0.1430  0.05362 35.83 0.9781  0.07847 0.04148 - -
Ours 46.50 0.9930 0.02581 0.000099 0.1116 0.2731 40.00 0.9782 0.06440 0.000008 - -

Datasets. We conduct quantitative benchmarking on the ScalarSyn
dataset [Eckert et al. 2019], which provides ground-truth (GT) veloc-
ity fields, and the ScalarReal dataset [Eckert et al. 2019], a real-world
capture. Additionally, to assess robustness in challenging scenarios,
we introduce three new datasets: Suzanne for smoke interacting
with complex obstacle geometries over long sequences, Sphere for
boundary interactions and Biplume for high turbulence.

Baselines. We compare our framework with leading fluid recon-
struction methods, focusing on representative implicit neural rep-
resentations: PINF [Chu et al. 2022], HyFluid [Yu et al. 2023], and
PICT [Wang et al. 2024]. We also include the recent 3DGS-based
approach, FluidNexus [Gao et al. 2025], for a comprehensive com-
parison.

Evaluation Metrics. We assess reconstruction quality from two
complementary perspectives.

First, for transport consistency, we perform the re-simulation
task proposed by Yu et al. [2023]. Specifically, we advect the initial
reconstructed smoke solely using the recovered velocity field over
the entire sequence. The re-simulated results are then rendered and
compared with the corresponding ground-truth images. Given the
highly sparse input views in our standard setting, we primarily eval-
uate these re-simulation metrics under the training views. However,
to further assess our method’s performance from unobserved an-
gles, we additionally include test-view re-simulation evaluations in
the Suzanne scene. For both settings, we report sequence-averaged
PSNR, SSIM [Wang et al. 2004], and LPIPS [Zhang et al. 2018], ob-
tained by first computing the metrics for each frame and then aver-
aging them over the full re-simulation sequence.

Second, for physical validity, we measure the average divergence
(Div) of the reconstructed velocity field across all datasets to quan-
tify violation of incompressibility. For synthetic datasets where GT
velocity is available, we additionally evaluate the flow accuracy
using two metrics: the Mean Squared Error (MSE-v) to measure
value deviation, and the average Cosine Similarity (Cos-v) to assess
directional alignment between the reconstructed and ground-truth
velocities. Both metrics are computed within the smoke volume,
masked by regions where GT density is greater than zero.

Visualization. For qualitative analysis, we visualize velocity fields
via middle slices of the xy, zy, and xz planes arranged side-by-side,
following standard protocols [Chu et al. 2022; Wang et al. 2024]. In

this visualization, velocity direction is encoded as color hue and
magnitude as brightness. The image border acts as a circular legend
to identify directions; for instance, colors appearing at the top of
the border (purplish-red) denote upward motion, whereas colors at
the bottom (green) denote downward motion.

With the experimental setup established, the remainder of this
section is organized as follows: Sec. 5.1 presents a comprehensive
comparison against baselines on standard benchmarks. To demon-
strate the scalability and generalization of our approach, Sec. 5.2
provides a challenging experiment (the Suzanne scene) featuring a
long sequence of smoke interacting with complex obstacles. There,
we comprehensively evaluate our method against baselines using
quantitative velocity metrics as well as re-simulation tasks in both
training and novel testing views. Finally, Sec. 5.3 presents ablation
studies. Furthermore, additional evaluations regarding obstacle in-
teractions and robustness in highly turbulent scenarios, along with
implementation details, are deferred to the supplementary.

5.1 Comparisons on Standard Benchmarks

We evaluate our method against all baselines on the ScalarSyn and
ScalarReal datasets.

We first evaluate transport consistency through re-simulation.
As shown in Fig. 3 and Fig. 4, baseline methods often suffer from
noticeable density drift and dissipation over long sequences, failing
to preserve the smoke’s shape. Our method, conversely, maintains
sharp structural details and correct advection trajectories even at late
timestamps. As shown in Table 1, this qualitative observation is also
mirrored by our quantitative metrics: we consistently outperform
all baselines in PSNR, SSIM, and LPIPS. We attribute this robustness
to our Sliding Window strategy, which propagates gradients from
future observations back to earlier frames. This mechanism leverages
temporal foresight to lock the velocity field to the smoke’s true
Lagrangian trajectory, ensuring long-term consistency.

Next, we examine the physical validity of the reconstructed veloc-
ity fields. As illustrated in Fig. 5 and Fig. 10, our method produces
clean flow structures that closely align with the Ground Truth. In
comparison, PINF and PICT tend to produce overly smoothed fields
lacking fine details, whereas HyFluid exhibits significant chaotic
noise. FluidNexus, limited by its discrete PBF representation, often
generates discontinuous, spotty velocity fields. Quantitatively, As
shown in Table 1, our method achieves the lowest Velocity MSE and
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HyFluid FluidNexus Ground Truth

> \ 4 \

Fig. 3. Comparison of re-simulation results on the ScalarSyn dataset. We visualize a late-time snapshot of the smoke density advected by the reconstructed
velocity fields of different methods. Baseline methods suffer from severe density drift and dissipation, failing to maintain the smoke’s shape over long durations.
Our method preserves sharp structural details and correct advection trajectories, achieving superior visual fidelity that is visually indistinguishable from the
Ground Truth.

HyFluid FluidNexus Ground Truth

Fig. 4. Comparison of re-simulation results on the ScalarReal dataset. Despite the complexity of real-world capture, our method maintains long-term transport
consistency, preserving the plume’s structure significantly better than baselines. This confirms the efficacy of our Sliding Window strategy in capturing

accurate Lagrangian dynamics from sparse real-world observations.

PICT FluidNexus GT

Fig. 5. Visualization of reconstructed velocity fields on the ScalarSyn dataset. It can be seen that both PINF and PICT produce overly smoothed fields, while
HyFluid and FluidNexus exhibit significant noise or discontinuities. In contrast, our method reconstructs clean, coherent flow structures that closely align
with the Ground Truth.
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highest Cosine Similarity on ScalarSyn, indicating superior accuracy
in recovered dynamics. Furthermore, thanks to the DFK representa-
tion, we maintain a near-zero divergence across all datasets, which
is often orders of magnitude lower than baselines. This confirms
that integrating a strictly divergence-free basis by construction is
far more effective than optimizing soft physical penalties.

5.2 Evaluation on Suzanne Scene

To comprehensively evaluate our method’s robustness over ex-
tended periods and its capability to handle intricate boundary con-
ditions, we introduce the Suzanne scene. This scene simulates a
rising plume of smoke interacting with the complex geometry of a
monkey head model (Suzanne in Blender [Blender 2011]), spanning
a long sequence of 10 seconds.

PINF PICT

FluidNexus Ours

GT

Fig. 6. Visualization of reconstructed velocity fields on the Suzanne scene.
While PINF and PICT can reconstruct plausible overall flow patterns, our
method recovers flow structures that more closely align with the Ground
Truth. Notably, the velocity field produced by FluidNexus collapses to near-
zero, as its extensively hard-coded settings severely limit its generalization
to this novel setup.

Ours (y =0.1) Ground Truth

PSNR (Avg) 42.72

Ours (y =0.9)
PSNR (Avg) 46.50

LPIPS (Avg) 0.03982

v
¥

Fig. 7. Ablation study on the Sliding Window strategy. We compare the re-
simulation quality of our method under different temporal discount factors:
Y = 0.9 (our default long-range setting) versus y = 0.1 (approximating short-
sighted optimization). While the short-sighted model captures the general
motion, it suffers from degradation in fine structural details and transport
accuracy, as reflected by the lower PSNR, SSIM, and higher LPIPS scores. In
contrast, our full model with y = 0.9 effectively utilizes long-range temporal
foresight to maintain high-fidelity consistency with the Ground Truth.

Ningxiao Tao, Baoquan Chen, and Mengyu Chu

We benchmark our framework against PINF, PICT, and Fluid-
Nexus. Note that HyFluid is excluded from this evaluation because
it does not support the reconstruction of colored scene. Addition-
ally, we found that FluidNexus struggles to generalize to this new
scenario. Due to its extensively hard-coded settings, such as fixed
priors on initial smoke colors, FluidNexus fails entirely to drive the
flow optimization, producing a degenerate, near-zero velocity field
(as clearly evident in Fig. 6).

Consistent with previous results, our method demonstrates supe-
rior performance in both physical validity and transport consistency
on this scene, as summarized in Table 2. Quantitatively, our recon-
structed velocity fields achieve the best results across divergence
(Div), mean squared error (MSE-v), and cosine similarity (Cos-v).
As visualized in Figure 6, our method reconstructs a velocity field
that most closely resembles the Ground Truth, even in the presence
of complex obstacles. For the training-view re-simulation task, our
approach consistently outperforms all evaluated baselines in PSNR,
SSIM, and LPIPS. As illustrated in Figure 8, our method robustly
preserves sharp structural details over the long duration, whereas
other approaches suffer from severe density drift.

We also evaluate the re-simulation performance on novel test
views to assess the generalization of the reconstructed physics and
representations, as quantitatively reported in Table 2 and visually
compared in Figure 9. In the novel test view, our method continues
to surpass existing approaches in terms of PSNR and SSIM. We note
that our method yields slightly higher LPIPS scores on the test views.
We attribute this to the Gaussian representation’s inherent tendency
to overfit training views. This can compromise high-frequency tex-
tural details when rendered from unseen perspectives, presenting
an interesting direction for future improvement.

5.3 Ablation Study

We conduct ablation studies on the ScalarSyn dataset to validate the
effect of our Sliding Window strategy for transport consistency and
the impact of physical regularization terms on velocity accuracy.

Effect of Sliding Window Strategy. To assess the importance of
long-range gradient propagation, we compare our default setting
where the temporal discount factor y is 0.9 against a variant with
a reduced factor of y = 0.1. This lower value severely limits the
temporal horizon, approximating a short-sighted optimization. As
shown in Fig. 7, reducing the temporal foresight leads to a consistent
degradation in re-simulation quality across all metrics, including
PSNR, SSIM, and LPIPS. This confirms that propagating gradients
from future observations is essential for maintaining high-fidelity
transport consistency and recovering accurate flow trajectories.

Effect of Physical Regularizations. While the DFK representation
guarantees divergence-free motion by construction, we incorporate
additional loss terms to further refine the solution. We evaluate the
impact of the kinetic energy regularization Lyeg and the vorticity
transport loss Lyor by training variants without them. As illustrated
in Fig. 11, removing both terms results in a higher velocity Mean
Squared Error. Adding the kinetic energy regularization Lyg effec-
tively suppresses noise in empty regions. Incorporating the vorticity
transport loss Ly further improves the flow accuracy, yielding the
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FluidNexus Ground Truth

Fig. 8. Comparison of training-view re-simulation results on the Suzanne scene. While baseline methods struggle with severe density drift and structural

degradation over the long duration, our method robustly handles the obstacle interaction, maintaining sharp structural details and accurate advection
trajectories that closely match the Ground Truth.

FluidNexus Ground Truth

Fig. 9. Comparison of novel test-view re-simulation results on the Suzanne scene. By rendering the advected smoke from completely unseen camera angles,
we evaluate the 3D physical and structural consistency of the reconstructed fields. While baseline methods exhibit clear volumetric artifacts and incorrect
density distributions, our framework synthesizes structurally plausible novel views with superior PSNR and SSIM. We also observe that our method yields

slightly higher LPIPS scores. We attribute this finding to a degree of overfitting to the training views, which can occasionally compromise fine textural details
when rendered from unseen perspectives.

PINF PICT HyFluid

FluidNexus Ours

Fig. 10. Visualization of reconstructed velocity fields on the ScalarReal dataset. Compared to baselines which often produce noisy or chaotic motion artifacts

in background regions, our method generates a smooth and physically plausible velocity field. The clean flow structure and clear boundaries demonstrate the
robustness of our DFK representation on real-world data.
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Table 2. Quantitative comparison on the long-duration Suzanne scene. We evaluate across three aspects: physical validity (Velocity Metrics), training-view

visual fidelity (Train View Re-Simulation), and novel-view generalization (Test View Re-Simulation). Note that HyFluid is excluded as it does not support
colored scene reconstruction. FluidNexus struggles to reconstruct a physically meaningful velocity field and collapses to near zero velocity in this scenario due

to its extensively hard-coded settings (e.g., fixed assumptions about initial smoke color). Our method achieves the best performance across all velocity and
training-view metrics, and maintains superior PSNR and SSIM on novel test views, demonstrating robust transport consistency and generalization.

Model Velocity Metrics Train View Re-Simulation Test View Re-Simulation
Div] MSE-u| Cos-oT PSNRT SSIMT LPIPS| PSNRT SSIMT LPIPS|
PINF 0.000260 0.02136 0.1947 27.80 0.9241 0.1199 26.91 0.9221 0.1236
PICT 0.000665  0.05257  0.1679 24.34 0.9213  0.1115 23.63 0.9168  0.1171
FluidNexus Collapses to zero 2518 09231  0.1292 24.21 0.9178  0.1331
Ours 0.000014 0.02120 0.2087 39.54 0.9731 0.1066 29.36 0.9383  0.1392

best performance. This demonstrates that while DFK ensures kine-
matic validity through mass conservation, these physics-informed
losses are valuable for recovering the correct dynamics governed
by momentum conservation.

6 CONCLUSION

In this paper, we presented a novel framework for reconstructing
high-fidelity fluid velocity fields from sparse multi-view videos. By
integrating the efficiency of 3D Gaussian Splatting with the physical
rigor of Divergence-Free Kernels, we enforce strict incompressibility
by construction. Furthermore, our Sliding Window optimization
strategy successfully enforces long-term Lagrangian consistency
while maintaining computational tractability. This mechanism en-
ables the propagation of gradients over meaningful temporal hori-
zons, recovering accurate flow dynamics that are both visually con-
sistent with the input observations and physically plausible.

w/0 Lyor (MSE-v = 0.1548)

Ground Truth

Fig. 11. Ablation study on physical regularization terms. We compare ve-
locity field reconstructions under different loss configurations: (Top-Left)
without any physical regularization, (Bottom-Left) with only kinetic en-
ergy regularization Leg, and (Top-Right) our full model including vorticity
transport loss Lyor. As shown, removing all regularizers leads to signifi-
cant background noise and high Velocity MSE. Introducing Lz suppresses
spurious motion in empty regions, drastically reducing the error. Finally,
incorporating Lo further refines the flow structure to match the Ground
Truth (Bottom-Right), demonstrating that these physics-informed losses are
crucial for recovering accurate flow dynamics beyond basic divergence-free
representation.
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Despite these advancements, our method is subject to several
limitations that point toward exciting avenues for future research.

First, our current formulation is primarily designed for divergence-
free, incompressible fluids (e.g., smoke). Because it relies on DFKs,
the method does not readily extend to compressible flows, and
it can be challenging to accurately capture highly nonlinear and
chaotic fluid dynamics, such as shocks. Other phenomena like free-
surface liquids, elastic bodies, or cloth are also not covered in the
present work. Extending our Lagrangian-based sliding window
framework to recover the dynamics and physical parameters of
these diverse materials and complex flow regimes remains a promis-
ing direction. Second, while DFK guarantees mass conservation
(divergence-free), the momentum conservation is only encouraged
via soft physics-informed losses. Consequently, discrepancies be-
tween the reconstructed velocity and the ground truth may persist
in complex scenarios. Developing a velocity parameterization that
naturally satisfies momentum transport by construction could lead
to improvements in reconstruction accuracy. Third, although our
method achieves a substantial speedup compared to implicit neural
representations, it is not yet capable of real-time reconstruction.
Specifically, our total training time typically ranges from 30 min-
utes to 3 hours depending on scene complexity, whereas implicit
representations often require over ten hours. Detailed per-scene
timings are provided in the supplementary. Bridging the gap be-
tween offline optimization and real-time inference is crucial for
deploying such techniques in time-sensitive applications like inter-
active aerodynamic analysis. We believe that further optimizing the
computational graph or exploring feed-forward prediction models
could be key to unlocking this potential.
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