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ABSTRACT

We present LaGSplat (Latent Lagrangian Gaussian Splatting), a framework that infers interactive,
physics-governed dynamics from one or a few monocular videos. At inference it lets a user push on
the filmed object, rigid or deformable, with an external force that was never measured, annotated,
or seen during training. This is possible because a low-dimensional latent state q ∈ Rd plays two
roles at once: it is the generalised coordinate of a learned dissipative Lagrangian and the conditioning
variable of a Gaussian Splatting decoder. The inductive bias of this decoder, whose primitives are
explicit points µi(q) that move with the object, is what lets a force f applied in the image pull back
into a latent generalised force J(q)⊤f and enter the equations of motion, which pixel-space (CNN) or
neural-field (NeRF) decoders cannot do. We validate LaGSplat on test cases of increasing difficulty,
from rigid to deformable and from autonomous to forced real systems, combining monocular video
and sensor measurements. We further demonstrate interactive use: forces of arbitrary magnitude and
direction can be applied to the reconstructed object at any time, its response rendered in real time, in
2D or 3D. Assuming a dissipative Euler-Lagrange equation over a few generalised coordinates trades
generality for a bounded, plausible response to unseen forces, where an unconstrained predictor
diverges.

monocular video, 5 s

static novel views
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SHARP lift,
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dynamic interactive 3D scene
(user force, anywhere, at any time)

the same instant,
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Figure 1: From one monocular video to an interactive 3D scene. Five seconds are filmed, from a single viewpoint;
SHARP [51] renders novel views of every frame from other viewpoints. LaGSplat does not just replay that clip in 3D:
the scene can be simulated from unseen initial conditions, and a force applied anywhere in it at any time (red arrow).
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1 Introduction

This work sits at the intersection of two active research
areas that appear, at first glance, unrelated. On one side,
dynamic scene reconstruction from video has reached real-
time photorealism [31, 72, 75], but these representations
are parameterized by time t; they replay the recorded clip
and no interaction with the objects in the scene is possible.
On the other side, learning to simulate physical systems
from data [11, 21, 48] recovers structured equations of
motion that can be forced, extrapolated, and controlled,
but training requires a dataset recording the time evolution
of the system’s generalized coordinates, observed through
sensors or produced by a simulator. We aim for a single
framework unifying both capabilities: from video alone,
rather than from simulation or sensor data, a trainable archi-
tecture that recovers the governing equations of the filmed
system (such as a pendulum, a deformable structure, or
a soft robot) and reconstructs the scene photorealistically,
in a way that allows interaction at inference, changing
physical coefficients (damping, inertia) or applying a force
anywhere on the system at any time, and letting it evolve
in a physically plausible way.

A large and fast-growing body of work already generates
videos of systems that obey physical laws: by attaching a
prescribed physical engine to a reconstructed or diffusion-
generated scene [47, 74, 77, 78], by learning a world model
that generalizes across many systems [17, 73], or by con-
ditioning a video generator directly on physical control
signals [18]. These methods synthesize plausible dynam-
ics for a new scene, often from as little as a single image
or a static shape, but the motion is never registered against
the measured behavior of the particular system depicted.
Much rarer is the opposite setting, the one we adopt, in
which the physics of a single filmed system is identified
from its own video, a counterpart on pixels of model reduc-
tion and of learning equations of motion from simulated
states [1, 11, 67]. Only a handful of works reach it from
video [7, 21, 35, 62], and each gives up one of the ingre-
dients we need for what is the central contribution of this
work: applying, at inference, a force at an arbitrary point
of the scene and letting the identified dynamics carry it
through the whole system.

Except from video, such a forcing mechanism is not new
in itself: wherever a dynamics is integrated in a low-
dimensional latent space, a force applied in the full con-
figuration space transports into a latent generalized force
through the decoder (or encoder) Jacobian and enters the
right-hand side of the equation of motion [1, 14, 15, 16].
Carrying the mechanism over to video asks for two ingre-
dients at once: an Euler-Lagrange equation learned over a
low-dimensional latent space, and an image decoder made
of material points that move with the object, so that the
Jacobian of those points is what pulls an applied force back
into the latent space. No method that identifies physics
from video offers both. The learned dynamics is either an
unconstrained neural ODE with no mechanical structure
[62], or fixed in advance to a prescribed form rather than

a general equation of motion [7, 35, 69]. And where a
genuine law is within reach, the explicit material point
is the missing ingredient instead: the scene is carried on
fixed pixels [21, 35] reconstructed frame by frame, with
no primitive that persists as an explicit point moving with
the object, or it is not reconstructed at all [7]. No single
work both identifies a genuine mechanical law and renders
it over explicit, moving primitives. LaGSplat fills this gap.

The key to LaGSplat is that a single low-dimensional latent
state q ∈ Rd plays two roles at once: it is the generalized
coordinate of a learned dissipative Lagrangian, and it is
the conditioning variable of a Gaussian Splatting decoder
whose primitives are explicit points µi(q) that move with
the object (Fig. 2). An encoder maps raw frames to q, a la-
tent Lagrangian neural network integrates the learned equa-
tions of motion, and the decoder renders each q back into
an image, in 2D or, under depth or multi-view supervision,
from novel 3D viewpoints. Nothing supervises q itself: it
emerges from the photometric loss and the Euler-Lagrange
residual acting on the same encoder, with no annotation
of the state and no external simulator. The mechanism is
the one that discovers the latent state of a reduced-order
Lagrangian or Hamiltonian network [1, 14, 15], with the
reconstruction loss now photometric, on pixels rather than
on generalized coordinates.

Because the decoder’s primitives are explicit points, a vari-
ation of the latent state moves them by δµ = J(q) δq with
J = ∂µ/∂q, and this is what makes the reconstructed
object pushable: by virtual work, a force f applied on
the object in the image transports into a latent general-
ized force J(q)⊤f that enters the right-hand side of the
same equations of motion without retraining. That a model
trained on video in which no force was ever applied can re-
spond to one is counter-intuitive, but it follows from what
the Jacobian is: a property of the kinematics q 7→ µ(q)
alone, not of the loading, so the autonomous video that
trains the decoder already determines it. What autonomous
motion leaves undetermined is a single scalar, the physical
unit of the force to be applied in the original space. The
learned Lagrangian and its dissipation can be rescaled to-
gether without changing any observed trajectory, and that
same factor sets that unit. Provided the dynamics is well
identified from the video and the primitives move correctly
with the object, the learned response to an arbitrary force,
as long as it keeps the state q within the range visited in
training, is therefore correct in direction and in shape, and
determined in amplitude only up to that single global factor.
A measurement relating an applied force to the resulting
displacement fixes it once for the whole model, and absent
such a measurement it remains a free overall scale, chosen
by hand. One further boundary is structural rather than
a matter of scale: only the motions the video actually ex-
hibits enter q in the first place. A part of the object that
stays fixed throughout the clip, or a deformation mode the
video never excites, corresponds to a latent direction the
training data never populates; the model carries no coordi-
nate for it, so at inference it behaves as infinitely rigid, and
any force applied there leaves the scene unchanged.
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LaGSplat sits at the intersection announced above: from
dynamic scene reconstruction it inherits the explicit Gaus-
sian primitives and their real-time differentiable raster-
izer, and from learned analytical mechanics the latent La-
grangian and the generalized force that drives it. Our con-
tribution is this pipeline itself: a fully differentiable path
from a monocular video to an identified physical model
and a real-time interactive simulation of the filmed object,
rendered in 2D or 3D and responsive to forces never mea-
sured. The Lagrangian prior narrows the scope to systems
with a small number of generalized coordinates, which
is precisely the regime where it pays off: we show that
a motion predictor without a mechanical prior [79] fails
to reach a stable equilibrium that the training video does
not contain, whereas LaGSplat converges to one by con-
struction. We validate the pipeline on cases of increasing
difficulty, from rigid to deformable and from autonomous
to forced: a simple pendulum, an oscillating rigid body, a
hanging bag, and the pneumatic actuator of Krauss et al.
[35]. The scene is reconstructed in 2D, or in 3D under
multi-view supervision, and responds to forces in real time
in both settings.

2 Related Work

Four families frame the discussion. Dynamic novel-view
synthesis has the images but no equation of motion (§2.1).
Learned analytical mechanics has the equations but no im-
age (§2.2). The last two put the two together, and differ
in what the video is for them, an output or a supervision:
generating physically plausible video renders motion for a
scene it was never trained to reproduce (§2.3), while learn-
ing and simulating from video supervision fits a dynamics
to the footage of the very system depicted (§2.4). The last
setting is the one LaGSplat adopts.

Five design choices, laid out in Section 1, place each family
on the grid of Table 1. Does the dynamics carry a struc-
tured mechanical prior, or is it a free ODE? Is the state an
observed physical coordinate, or a learned latent state? Is
the model supervised by the video of the very system it
simulates, or by a substitute, a prior learned across other
systems, simulated trajectories, or measured states? Does
rendering go through explicit points that move with the
object, or through a field painted on fixed pixels? Can an
external force be injected into the dynamics at inference?
The third question is what separates the last two families:
only one of them is supervised by the system’s own video,
which is why generated footage and cross-system priors
score ∼ there. Each family below holds some of these cells
and misses others.

2.1 Dynamic novel-view synthesis

Our decoder architecture comes from this family. Its aim
is to synthesize views of a moving scene indexed by the
time t, where ours are indexed by the state q; the goal
differs, but the design space of the decoder is the same one,
and we select in it on a criterion of our own. Applying
an effort to the scene at inference (Section 3.4) requires

a decoder whose primitives are particles followed in their
motion, each carrying its own position µi(q), since a force
has a point of application and needs somewhere explicit to
attach.

That criterion rules out the dominant form of the radiance-
field branch. NeRF-based methods [53] animate the field
by conditioning it on time or by deforming a canonical vol-
ume [56, 61]: they answer what colour lies at a given point
of the image, following no piece of the object from one
frame to the next. Such a decoder is Eulerian, sampling a
field over a fixed support rather than transporting matter
through it [57], and a force has nothing to attach to (the
same obstruction returns, on fixed pixels, in Section 2.4).
The branch is not uniformly so: a deformation field written
from the object outwards [22] and a particle-based radi-
ance field [44] do carry material points, and PAC-NeRF
[40], whose MPM advection needs moving particles while
its rendering needs a fixed field, carries both at once at
the price of particle-to-grid transfers at every step. Their
decoders would have been usable for our purpose. We
took the other branch, which supplies the same material
points and forms the image by rasterizing them rather than
by evaluating a network at many samples along every ray.
Since the simulation is driven interactively, the applied
force changing the state between one frame and the next,
real-time rendering is a requirement of the setting and not
a convenience.

In 3D Gaussian Splatting [31] a scene is a set of explicit
anisotropic Gaussian primitives, rasterized differentiably
in real time, and one and the same object is the material
point and the rendered primitive. Among its dynamic ex-
tensions we build on the higher-dimensional Gaussian of
Yang et al. [75], whose extra axis is conditioned away at
render time by a Schur complement, and we rasterize with
gsplat [76]. The alternative route, a neural network warp-
ing canonical primitives [72], meets the criterion just as
well: it too gives every primitive a position, hence a Ja-
cobian, obtained by differentiating the network. We set it
aside on two counts. It is not the better posed of the two on
motion-rich content, where FreeTimeGS [70] finds primi-
tives placed directly in the extended space preferable; and
extending the primitive itself keeps the map q 7→ µi affine,
so that the Jacobian Ji = ∂µi/∂q of each Gaussian is a
constant matrix stored alongside it. An interactive effort
then enters in closed form, rather than through automatic
differentiation across the decoder at every time step. The
first count holds on our own data too, in a comparison at
equal budget reported in Appendix B.

Our one change is to what that extra axis carries. Where
these methods put the time, we put the d latent coordinates,
so the block conditioned away by the Schur complement is
a whole latent block and the ellipsoid actually rasterized is
the one conditioned on the current state q. Gaussians have
been lifted to higher dimensions before, for fitting capacity
alone, with no dynamical meaning attached to the added
axes [12, 66]; what is new here is not the dimension but
that those axes carry a state ruled by an equation of motion.

3



LaGSplat: Inferring Physics-Governed Interactive Simulation
from Monocular Video Using Latent Lagrangian Gaussian Splatting A PREPRINT

Table 1: Positioning on the five axes. ✓: the axis is met, ∼: partly met, ×: not met, —: not applicable.

Method
Physics-governed

dynamics
Learned

latent state
Own-video
supervision

Material-point
kinematics µi(q)

Interactive force
at inference

Dynamic novel-view synthesis (§2.1)
Dynamic NeRF [56, 61] × × ✓ × ×
4DGS family [70, 72, 75] × × ✓ ✓ ×

Learned analytical mechanics (§2.2)
Neural ODE [9] × × × — ×
Latent neural ODE [27] × ✓ × × ×
PINN [63] ∼ × × × ×
LNN / HNN / DeLaN [11] ✓ × × — ∼
Structure-preserving ROM [67] ✓ ∼ × ∼ ✓
Latent Lagr. / Ham. nets [1, 14, 15] ✓ ✓ × ∼ ✓

Generating physically plausible video (§2.3)
NewtonGen [77] ∼ × ∼ × ×
LaWM [73] ✓ ✓ ∼ × ×
GS + MPM [74] ∼ × × ✓ ∼
PhysDreamer [78] ∼ × ∼ ✓ ∼
PhysGen [47] ∼ × ∼ × ∼
Force Prompting [18] × × ∼ × ∼
VR-GS [29] ∼ × × ✓ ✓
NeuROK [17] ✓ ✓ × ✓ ✓

Learning and simulating from video supervision (§2.4)
Neural state variables [8] × ∼ ✓ × ×
CpAE [81] × ✓ ✓ × ×
Pixel-HNN [21] ✓ ✓ ✓ × ×
Castañeda et al. [7] ∼ ✓ ✓ × ×
EvoGS / GaussianPred. [3, 79] × ∼ ✓ ✓ ×
NVFi [39] ∼ × ✓ ✓ ×
ParticleGS [62] × ✓ ✓ ✓ ×
Krauss VON [35] ✓ ✓ ✓ × ∼
ContactGaussian-WM [69] ∼ ∼ ∼ ✓ ✓

LaGSplat (ours) ✓ ✓ ✓ ✓ ✓

Physics-governed dynamics: the state evolves under a mechanical law (Lagrangian or Hamiltonian), so the model extrapolates in
time and responds to forces rather than merely interpolating the observed motion; ✓: a generic mechanical class (an Euler-Lagrange
or Hamiltonian law) whose content is learned from data; ∼: the governing law of the specific system is supplied a priori, at most
calibrated, or enters only as a soft residual; ×: no mechanical structure (time indexing or a free ODE). Learned latent state: the
dynamics evolve on a compact state discovered from data. ✓: a low-dimensional q is learned; ∼: a reduced state is used but partly
imposed (known coordinates, tracked keypoints, or a fixed linear reduction), or discovered from data yet not what the dynamics is
stepped over; ×: no learned latent (raw-space or time-indexed dynamics). Own-video supervision: the model is trained on the video
of the very system it then simulates. ✓: monocular video of that system alone; ∼: its video plus an auxiliary signal, stand-in frames
in place of its own footage (synthetic renders, diffusion-generated frames, or side states), or a prior learned across the videos of other
systems; ×: no video supervision at all (the model learns from simulated trajectories, measured states, or meshes instead). Renders
through material points: the renderer reads explicit primitives µi(q) that move with the object. ✓: the image is rasterized from such
primitives; ∼: the decoder does output material points (mesh nodes, lumped masses) but no image is rendered through them; ×:
an Eulerian decoder, a field or a warp evaluated on fixed pixels; —: no spatial decoder at all, the model never leaving state space.
Interactive force at inference: a new external force, absent from training, enters the dynamics at inference and propagates through the
whole system, without retraining. ✓: applicable anywhere on the object; ∼: restricted, to a few predefined points, to the latent state
alone, or to the initial condition; ×: no force enters.

Nothing in this family says how q evolves, and the next
one supplies that.

2.2 Learned analytical mechanics

Our dynamics comes from this family, as our decoder came
from the last one. Its members learn their physics from
measured or simulated states, where we have to learn ours
from images. That change of data does not bear on the

mechanics; it bears on where the state and the force come
from, both of which reach us through the decoder rather
than from a simulator. We ask three things of a candidate:
that the equation of motion be the learned object itself, that
it be written over a state discovered from the data, and that
it expose a right-hand side where an external force can be
added at inference.
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On the first, the family spans two poles. Neural ODEs
[9] fit the transition rule in full generality, the × anchor
of the prior axis of Table 1, and learned simulators sit
at that same free end, whether they advect mesh nodes
or particles [4, 42, 57, 64] or read a field over a fixed
domain [33, 43, 52]. PINNs [63] anchor the supplied side,
the residual of a known PDE regularizing a field network,
which is what the ∼ of that axis denotes. Between them,
Lagrangian and Hamiltonian neural networks learn the
law itself, building conservation and dissipation into it
[6, 11, 13, 21, 48], which meets the first requirement. They
read their coordinates from joint encoders or simulated
states, leaving the second to the branch below.

A recent branch writes the same machinery over a learned
latent state [1, 14, 15, 59], or over a linear POD reduction
[67]. What is new there is the learned law, not the latent
integration: graphics got to the latter first with the law
left prescribed, Fulton et al. [16] time-stepping the true
elastodynamic equations in an autoencoder subspace at in-
teractive rates on a 164k-element mesh, with the stiffness
pulled back as H̃ = J⊤K̃0J (its descendant [41] learns the
integrator instead, and names captured data and Gaussian-
splat reconstructions as its natural next step). These models
also admit a generalized force. L-LNN [1] transports su-
pervised forces into the latent space through an encoder
Jacobian, and the reduced-order models of Friedl et al.
[14, 15] pull the full-space force back through the decoder
Jacobian, the same virtual-work transport we use. All three
requirements are thus met here, but on data we do not have:
those forces are measured in the full configuration space
of a simulator, and the state is instrumented in the same
way, read from joint encoders, simulator states, or a linear
reduction of a known mesh. Ours have to come through the
decoder, from pixels. The transport is inherited, its prove-
nance is not, and the identifiability that instrumentation
buys is left on our side.

What we take from here is the structure, a learned law over
a learned state, together with the J⊤ pull-back that the
reduced-order members already use, meaningful in them
for the reason it is in us, because their decoders too land
on material points. Learning such a model beyond one
degree of freedom is known to be delicate, and recent work
isolates the failure modes we also meet: the ill-posedness
of identifying a structured model when only positions are
observed and the momenta stay latent [5], non-convex
potentials [30], ill-conditioned mass matrices [23, 34], and
the insufficiency of single-step derivative matching for
long-horizon stability [24, 27, 36]; the training recipe of
Section 3.3 builds on these lessons. What no member of
this family does is read those material points off a video,
or render an image through them. Images arrive with the
next two families.

2.3 Generating physically plausible video

This family assembles the same two components we do,
a spatial decoder (§2.1) driven by an equation of motion
(§2.2), but its dynamics is brought to the scene rather than

learned from its video. It only has to look right, not to
agree with the recorded behavior of a particular object, and
the family splits into two branches on where that dynamics
comes from.

One branch prescribes the law. PhysGaussian and its suc-
cessors delegate the dynamics to an external MPM simula-
tor with a predefined material prior [28, 37, 45, 74]. The
momentum equation carries an external-force slot and the
particles are material points, but in most of the family the
demonstrated interventions are scripted initial velocities
on hand-set materials, so that slot stays unexercised though
structurally available. VR-GS [29] exercises that slot in
real time, a user in virtual reality grabbing, dragging and
colliding the object at interactive rates, so the effort is sus-
tained along the trajectory instead of being posed as an
initial condition. Its material is set by hand rather than
fitted, and the capture it starts from is a static multi-view
scan, so nothing of the dynamics is read from a recording
of the object in motion. PhysDreamer [78] goes furthest
on the data side. It calibrates a stiffness field against a clip
generated by a video-diffusion prior, then answers pokes
and drags inside the MPM simulator, without retraining,
on a material fitted to data rather than set by hand. That
is our nearest neighbor on that side, and the response it
produces is a genuinely coupled elastic one. But the in-
tervention is still posed as an initial condition, an impulse
over a region designated on the object, followed by an au-
tonomous rollout, not a force sustained along the trajectory.
It differs elsewhere too: the law stays prescribed (only the
stiffness is calibrated), no low-dimensional state is learned,
the supervising video is generated rather than observed,
and the response costs about a minute of simulation per
rendered second, where a latent Lagrangian integrates d
scalar equations in real time.

PhysGen rolls out a prescribed 2D rigid-body engine, New-
tonGen learns the coefficients and a nonlinear residual of
a fixed second-order Newtonian skeleton, and both ren-
der through a video-diffusion model [47, 77]. Neither is
forced along the trajectory. PhysGen takes a user force
as its headline input, but it enters the 2D rigid engine as
a single initial impulse at the center of mass, before the
rollout; NewtonGen’s control is declarative only, initial
conditions parsed from the prompt into an autonomous
ODE that admits no external force at all.

Force Prompting [18] goes one step further and keeps no
law at all: it answers localized pokes and global wind fields
and generalizes to unseen geometries, with no mechanical
structure anywhere. Its response is a conditioning channel
trained on force-video pairs, so every kind of effort has to
be exhibited at training time; and the effort itself is one
vector, a magnitude and an angle, fixed before the clip
is generated and unrolled over its frames. The model is
neither real-time nor per-frame causal. No force can be
redefined while the motion unfolds, which is what holds
it to the same partial mark as the rest of this branch. The
mechanical structure they do without is what spares us
both restrictions: we never observe a force at all, and ours
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is an arbitrary f(t), redefinable at any instant, deduced
from the identified law and carried by virtual work through
the material points into the right-hand side that J⊤f shares
with the actuation term of Section 3.3. That transport is
what a material point buys: not the ability to answer a
force, which a control field distributed over a fixed grid
has too [26], but the ability to answer, interactively, one
that was never seen.

A second branch learns a transferable prior instead, and is
judged on what carries over to systems it has never seen
rather than on its agreement with a particular recorded ob-
ject. LaWM [73] learns a discrete latent Lagrangian whose
variational integrator is the transition rule, symplectic and
drift-free over long horizons. But it trains on simulator
renders, keeping simulator states or robot signals as auxil-
iary supervision when available; its learned Lagrangian is
conservative, and its rollout unforced, since control inputs
enter its embodied benchmark as conditioning signals only,
not as a generalized force. At the unstructured end of that
same aim, JEPA-style world models drop the mechanics
altogether and forecast embeddings for planning, adapting
online at test time [71].

Closest to us in this branch is NeuROK [17]. Building on
CANOR [25], it learns a latent kinematic parameterization
of meshes and integrates a latent Euler-Lagrange equa-
tion whose kinetic metric is the pullback of the decoder
Jacobian, G(q) = J⊤J , the same geometric construction
our force transport is built from. The shared object is that
pullback, not the decoder: NeuROK renders a deforming
mesh, whose material points are its vertices under a glob-
ally nonlinear map, not the affine Gaussian primitives of
our splatting branch. The kinship extends past the metric
to the force: its supplementary material forces that equa-
tion through that same pullback, Q = J⊤F over a region
and a time window of the user’s choosing, and reports the
response against force magnitude, which makes NeuROK
the one member of this family to hold the force column
outright. What separates us is not the mechanism but the
data: NeuROK is not supervised from video but learned
across large 4D datasets of deforming meshes, curated and
simulated, a learned prior meant to transfer to new shapes
rather than a mechanics identified from one system’s own
footage. It is thus a structural cousin on the far side of the
video-supervision axis, not a direct from-video competitor.

Across this family the physics does reach images, and one
member, NeuROK, forces its equation through the same
virtual-work transport we use. But the governing law is
prescribed or transferred, never identified from the video
of the very system to be simulated, as it is in the family
that follows.

2.4 Learning and simulating from video supervision

Change the data and §2.2 becomes this last family. Its
members share the aim of learned analytical mechanics,
an equation of motion learned over a state discovered from
the data, one system at a time, but what they are given is

video of that system rather than measured or simulated
states. From it they identify and simulate the behavior of
the particular object filmed, not a plausible behavior for
a scene of that kind, which is the break from §2.3. What
they gain over §2.1 is that the recording stops being the
only thing that can be played back: a state and a law let the
motion be restarted from an initial condition that was never
filmed, and continued past the last frame of the clip. This
is the setting LaGSplat adopts, and the works that share
it build both halves from pixels alone, a decoder from the
design space of §2.1 and a dynamics from that of §2.2.

The first branch learns an evolution rule with no mechan-
ical structure in it, a transition map, a velocity field or
a free ODE, never a Lagrangian or a Hamiltonian. The
lineage opens with Chen et al. [8], who recover from video
how many state variables a filmed system has, and one
admissible set of them: a network trained to predict the
next pair of frames, an intrinsic-dimension estimate on its
bottleneck [38], rounded to the nearest even integer since
positions and velocities come in pairs, and a second autoen-
coder compressing that bottleneck to the resulting width.
Those variables are never stepped: the prediction runs
through the pixels, regenerating a frame and re-encoding
it at each step, and the compact state only projects it back
onto the manifold to keep it from drifting. Zhu et al. [81]
remove what makes such a state unusable by a continu-
ous law. A displacement smaller than one pixel leaves
the image almost unchanged, so a latent read off pixels
tends to advance in jumps where the motion is smooth.
Their remedy is a Lipschitz condition on the filters of the
first layers, allowing an ODE to then be fitted directly in
the latent space, the encoder frozen, where the practice
is to optimize the latent law jointly with the maps that
produce its coordinates [21, 35, 62], the dynamics objec-
tive bending the latent towards coordinates its model class
can fit. The dynamics they plug in is a plain neural ODE,
the same choice ParticleGS [62] makes over a handful
of scene-wide motion modes, shared by every Gaussian,
its rule unconstrained and carrying no physical parameter.
The remaining members change the form of that rule rather
than its nature. EvoGS [3] integrates a learned velocity
field that still reads the time explicitly. GaussianPrediction
[79] forecasts key-point trajectories with a graph network.
NVFi [39] constrains a dense velocity field with a PDE
residual, a supplied prior in the sense of §2.2, but one writ-
ten on a kinematic field rather than on an inertia. None
of these rules carries an energy, an inertia or a dissipation,
so none exposes a right-hand side into which an external
effort could enter, and nothing keeps what they extrapolate
past the training video physically plausible, as Gaussian-
Prediction illustrates (Section 4.3).

The rest do write a mechanical law, and differ by how much
of it is left to be learned. The pixel variant of HNN [21]
learns a latent state from synthetic pendulum images and
its Hamiltonian jointly with the autoencoder: the conserva-
tive pole of §2.2 over a learned latent state, one coordinate
and its momentum for the pendulum it is demonstrated
on. It is our scheme without the two things we most need
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from it, since a conservative and unforced Hamiltonian
receives no force in its right-hand side, and a fixed-pixel
decoder exposes no material point for one to act on. Cas-
tañeda Garcia et al. [7] sit at the supplied end of that same
axis, estimating the scalar coefficients of a known govern-
ing equation, a linear second-order ODE, from monocular
video. Their footage is real, which pixel-HNN’s is not, but
the systems it shows have one degree of freedom each, a
pendulum angle, a decaying LED intensity, a falling height;
and they take no decoder at all, recovering the dynamics
alone and reconstructing nothing. Krauss et al. [35] carry
the setting to systems with several, learning a chain of
latent oscillators from monocular video of real pneumatic
soft continuum robots, with measured chamber pressures
as a known input. Their dynamics is constrained to a linear
model, and the only force it carries is that pressure, a gen-
eralized force on a fixed actuation channel. Their decoder
is Eulerian in exactly the sense of §2.1: it paints intensi-
ties on a fixed pixel grid through position-wise operations,
and the per-oscillator attention centroids it reads out are
a derived statistic, not a generative material point. Their
transpose is computable and the authors do differentiate
it, but it is the gradient of a heuristic centroid, which can
move because the attention field deforms rather than be-
cause matter translates, and which nothing supervises to
follow the same material. The model uses it only to visu-
alize forces, never to apply one, and applying one would
reach those centroids alone, half as many as the latent state
has coordinates, where an explicit decoder offers every
primitive, hence any point of the object.

LaGSplat is assembled from parts of these families. Its
decoder is the higher-dimensional Gaussian of Yang et al.
[75], rasterized with gsplat, whose added axes we fill
with the latent state instead of the time and whose affine
map q 7→ µi keeps every Jacobian Ji a constant matrix.
Its dynamics is a dissipative Lagrangian over a learned
latent state, forced through the same virtual-work pull-
back J⊤ that L-LNN [1] and Friedl et al. [14, 15] already
apply, here on a Jacobian read off the image decoder rather
than off a simulator. Its encoder takes from Zhu et al.
[81] the Lipschitz condition on the filters that makes the
latent trajectory continuous. The chart is fixed first on a
reconstruction criterion, the structured law is inferred on
it afterwards. Letting photometric loss alone choose the
chart leaves it a scaling and a curvature the mechanics must
absorb, which is why our inertia is a state-dependentM(q)
where pixel-HNN, Castañeda Garcia et al. [7] and Krauss
et al. carry a constant mass and let the dynamics shape the
chart instead; that nonlinearity earns its place on their own
pneumatic soft continuum robots, the public dataset we
report on, where four latent coordinates outperform their
ten-dimensional oscillator chain on the two-segment robot
(Section 4). What is new is the pair. The axes added to the
primitive carry the very state the equation of motion rules,
so the points a force acts on and the coordinates that force
integrates are the same object.

An Eulerian decoder exposes no material point for a force
to act on, and a free dynamics leaves no right-hand side for

it to enter. Krauss et al. are the informative case, the only
ones to close one of the two without the other, their right-
hand side receiving a force their decoder gives nowhere
to be applied. Wang et al. [69] close both, but limit them-
selves to rigid bodies where we also address deformable
objects. Their Gaussian scene is carried by prescribed
equations of motion that do take an applied force at infer-
ence. Only their coefficients and the collision geometry
are fitted, and the state stepped is the pose of bodies given
in advance rather than one discovered from the images.
The remaining cell is ours, a dissipative Lagrangian over a
learned latent state, supervised by video alone, rendered
through explicit points and driven at inference by an inter-
active force, identified for one filmed system at a time: a
deliberate scope, trading zero-shot transfer to unseen ob-
jects for a model grounded in the observed system alone.

3 Method

3.1 Problem Statement and Overview

Let {It}Tt=1 be a monocular RGB video of a physical sys-
tem with d degrees of freedom, sampled at time step ∆t.
LaGSplat learns three differentiable networks: an encoder
Enc : RC×H×W → Rd, a latent Lagrangian L : R2d→ R
with dissipation D : R2d → R, and a Gaussian Splat-
ting decoder Dec : Rd × SE(3) → RC×H×W , rasterizer
included, whose viewpoint argument is free only under
multi-view supervision (Section 3.2). The latent state
qt = Enc(It) ∈ Rd, which nothing supervises, is at once
the generalized coordinate of the equation of motion and
the variable the decoder renders from. Figure 2 shows how
the three fit together at inference.

The three networks are fitted in two stages. Stage 1 (Sec-
tion 3.2) trains the encoder and the decoder together on
appearance alone, which fixes the latent chart; Stage 2
(Section 3.3) freezes them, encodes the clip once, and fits
the Lagrangian to the resulting trajectory, the order Zhu
et al. [81] follow.

3.2 Stage 1: Autoencoder and Latent Chart

Continuity-preserving encoder. What the encoder must
deliver is regularity in time rather than accuracy, since
the dynamics objective (Section 3.3) reads q̇ and q̈ from
the encoded trajectory, where a latent read off a pixel
grid advances in the staircase described in Section 2.4.
Neither depth nor expressiveness is the remedy, the reg-
ularizer is [60], and we take the one of Zhu et al. [81],
whose Lipschitz-constrained large filters keep the latent
state varying continuously with the underlying dynam-
ics. The latent width d is read from the physics when
known (rigid-body DOFs, or the number of excited dy-
namic modes for a deformable body), and otherwise set to
the smallest value for which the autoencoder reconstructs
frames near-perfectly, in practice an upper bound on the
true count that a maximum-likelihood intrinsic-dimension
estimate on the encoded cloud [38] could replace.
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CNN
encoder

GS
decoder

Initial frames

Latent LNN

Predicted frame

Pullback using the
jacobian of the decoder

User applied force
on the object

Figure 2: Interactive simulation of a physical scene with a LaGSplat trained from video. A CNN encoder maps a
pair of initial frames to latent states q0,q1. The governing equation learned by a Lagrangian Neural Network (LNN) in
the latent space is integrated in time. At any time a Gaussian Splatting decoder reconstructs the image from the latent
state. A user force fn can be applied anywhere at any time on the image; it is pulled back through the decoder Jacobian
into a latent generalized force J(qn)

⊤fn that drives the LNN.

Gaussian splatting decoder. Stacking the T frames
of a clip along a third axis yields a space–time vol-
ume (x, y, t), which 4DGS [75] tiles with Gaussians:
rendering frame t is slicing that volume at time t.
Indexing on the clock is a choice, not a necessity:
we tile the space–state volume (x, y,q) instead. A
state the scene revisits is then stored once rather than
once per visit, and rendering follows whatever q(t)
the Euler-Lagrange ODE produces, from an unseen ini-
tial condition or under an applied force; interactive demo at
https://louenpottier.github.io/lagsplat.html.
Each of the K Gaussians is placed directly in that volume,
where it carries a centre and a covariance that are fixed,

µk =

(
µ
(s)
k

µ
(q)
k

)
∈ Rn+d, Σk = LkL

⊤
k ∈ R(n+d)×(n+d),

(1)
with Lk a lower-triangular Cholesky factor, plus scalar
opacity αk > 0 and colour ck ∈ [0, 1]3; the spatial dimen-
sion is n = 2 for direct video output (monocular training
only) or n = 3 for an interactive 3D scene with novel
views. All state dependence comes from conditioning on
q. Partitioning Σk into spatial (s, size n) and latent (q,
size d) blocks, the rendered n-D Gaussian is the Schur-
complement conditional

µ
(s|q)
k = µ

(s)
k +ΣsqΣ

−1
qq (q− µ

(q)
k ), (2)

Σ
(s|q)
k = Σss − ΣsqΣ

−1
qq Σqs, (3)

with latent-weighted opacity

α̃k(q) = αk · exp
(
− 1

2 (q− µ
(q)
k )⊤Σ−1

qq (q− µ
(q)
k )
)
, (4)

which suppresses Gaussians whose latent mean is far from
q: the conditional centre shifts linearly in q through the
cross-block Σsq, which Section 3.4 exploits, and the con-
ditional covariance is state-independent. The resulting
n-D Gaussians are rasterized with the gsplat CUDA ker-
nel [76]. Appendix C gives the implementation details.
Appendix B compares this decoder, at equal budget, with
the alternative of n-D primitives warped by a deformation
network, inspired by Wu et al. [72].

Supervision. Encoder and decoder are fitted jointly, on
a photometric term and two regularizers,

Lrecon = λL1LL1 + λSSIMLSSIM

+ λnlRnl + λaRa,
(5)

where Rnl is the nonlocal filter penalty that keeps the en-
coder continuous [81] and Ra caps the aspect ratio of the
rendered ellipsoids. Fitting the (3+d)D decoder from a
single view is ill-posed and calls for synchronized multi-
view footage. Our experiments substitute synthetic views
for it: SHARP [51] lifts every frame to a 3D reconstruc-
tion, novel views are rendered from each, and the two
photometric terms are evaluated on those as well.

Reading the chart. Stage 1 closes by fixing, once and
on the frozen networks, two quantities that set how the
latent chart is read from here on. The state itself is
whitened against its encoded statistics over the clip, so
that Stage 2 sees a zero-mean, unit-covariance coordinate
(Appendix C); this is a change of chart, not a regularizer.
Discrepancies between states are weighed differently. La-
tent directions are not equally observable: some move
many pixels, others almost none, and an isotropic norm
on q would weigh them alike, letting a direction nothing
can see dominate a fit or a score. The decoder supplies the
right weighting, its visibility metric

Ḡ = Eq

[(∂Dec

∂q

)⊤ ∂Dec

∂q

]
, (6)

the pull-back of the image metric averaged over the en-
coded trajectory. It is strongly anisotropic in practice (Sec-
tion 4.1); both the Stage 2 objective and our reported errors
are taken in ∥ · ∥Ḡ.

3.3 Stage 2: Latent Lagrangian Dynamics

With the autoencoder frozen, all frames are encoded once
and a dynamics is fitted to the resulting trajectory. The
latent state evolves under an Euler-Lagrange equation with
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dissipation,

d

dt

∂L
∂q̇

+
∂D
∂q̇

− ∂L
∂q

= fext(t), (7)

where fext is zero during free evolution and carries the
applied forces otherwise, interactive or measured. L and
D are neural networks, differentiated automatically, with
L = T − V split into a kinetic and a potential term. The
three paragraphs below constrain T , D and V in turn.

Inertia. The kinetic term is T = 1
2 q̇

⊤M(q)q̇, with a
learnable scalar mass for d = 1 and a learned SPD matrix
M(q) = L(q)L(q)⊤ + εI for d > 1, whose Coriolis
terms are derived from ∂M/∂q rather than modelled sepa-
rately. M depends on q because the photometric loss picks
the chart and that chart carries a scaling and a curvature
of its own that the inertia must absorb. On some systems
the dependence is physical as well and survives any chart
(Section 4.4). Learning M(q) assumes nothing about how
inertia is distributed over the scene. The parameter-free
alternative pulls the ambient metric back through the de-
coder Jacobians Ji = Σsq,iΣ

−1
qq,i of Eq. (2), each primitive

weighted by its presence at q,

M(q) = m
∑
i

ŵi(q) J
⊤
i Ji, (8)

whose state dependence comes from the presence weights
ŵi(q) of Eq. (4), so that it too carries Coriolis terms (Ap-
pendix A.1). One mass m is shared by every primitive:
a monocular video does not tell the Gaussians apart by
material, so we take the density to be uniform and let a
primitive contribute inertia in proportion to its presence
and to nothing else. Its value is not fitted either, since it
only sets the global energy scale that Section 3.4 leaves
unidentified; we fix it offline so that the initial natural
frequency matches the observed one. The form therefore
carries no learned parameter and reuses the same Jacobians
that transport forces, at the price of two assumptions: that
visible material carries the inertia, and that it carries it
uniformly. Section 4.4 settles the choice experimentally,
uniform density included; the results we report use the
learned mass.

Dissipation. The dissipation is D = 1
2 q̇

⊤C(q)q̇, with
C(q) SPD from a free q-dependent Cholesky factor, built
like the mass, and bounded below by an isotropic floor c0
whose role appears with the energy balance.

Potential. The potential V carries the prior on the elastic
landscape. An Input-Convex Neural Network [2] is enough
whenever a single convex basin is the right assumption,
as for our pendulum, rocking chair and hanging bag. It
is too strong for the soft continuum robot, whose elastic
energy has crescent-shaped, hence non-convex level sets
around a still unique equilibrium, as already observed on
a cantilever beam [59]; we then compose the ICNN with
a learned diffeomorphism (an i-ResNet), which releases
the convexity of the level sets while preserving the unique

stationary point, giving an invex potential [65]. Genuinely
multi-well landscapes would call for a locally-convex vari-
ant [30] instead.

Measured actuation. A logged actuation enters fext as a
generalized force. For the pneumatic robots we report on,
the input is the vector of chamber pressures P ∈ Rnc ; with
ν(q) ∈ Rnc the latent chamber-volume map, the virtual
work δW = P⊤(∂ν/∂q) δq gives

fP = b(q)⊤P, b(q) =
∂ν

∂q
∈ Rnc×d. (9)

We take ν concave, so that the loaded potential Veff =
V − P⊤ν stays coercive under P ≥ 0 with a unique,
stable equilibrium.

Bounded and convergent response. The floor c0 makes
the energy strictly decreasing away from rest, so the free
dynamics stays bounded and settles at the single minimum
of V , and at the loaded equilibrium when a force is main-
tained, whatever the networks learn and before any training
(Appendix A.2). This is what turns an under-constrained
extrapolation into a plausible response to unseen forces:
lacking it, GaussianPrediction [79] settles on a sustained
orbit, which no dissipative system admits (Section 4.3).

Fitting the dynamics. We fit the dynamics one step at
a time, as Krauss et al. [35] do. From an encoded state
(qi, q̇i), one differentiable velocity-Verlet step of Eq. (7)
produces (q̂i+1, ˆ̇qi+1), which is compared to the next en-
coded state,

Ldyn =
∥∥q̂i+1 − qi+1

∥∥2
A
+
∥∥∆t (ˆ̇qi+1 − q̇i+1)

∥∥2
A
, (10)

the velocity being counted in units of position per step. The
norm is the one that matters: to first order ∆q⊤Ḡ∆q ≈
∥Dec(q + ∆q) − Dec(q)∥2, so measuring in Ḡ is the
decoded image error Krauss et al. [35] minimize, obtained
without rasterizing anything, and it puts the weight on
the coordinates that actually move pixels. We do not use
Ḡ bare: a barely visible direction would be left uncon-
strained while possibly being stiff, and would contaminate
the visible ones through the off-diagonal coupling of M
and C, so A ∝ Ḡ + ρ λmaxI caps the weighting ratio at
1/ρ, normalized to trA = d so that A = I recovers the
plain Euclidean loss. Minimizing the residual of Eq. (7)
directly, with q̇ and q̈ from a finite-difference stencil, is the
classical alternative [11, 14]; it is the same quantity before
integration, but it weighs every latent direction alike.

Both are single-step teacher forcing, hence the blind spot to
long-horizon stability recalled in Section 2.2. We therefore
select models on multi-step rollout error over the training
clip, rather than on the single-step objective they minimize.
Unrolling the prediction over several symplectic steps [10,
50] is the alternative remedy, at an optimization cost we
did not need to pay.

9
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3.4 Interaction and Inference

The map q 7→ µi(q) that Stage 1 fits is a kinematics, and
the same Jacobian Ji = ∂µi/∂q that carries the inertia of
Eq. (8) carries the forces: a force applied to a primitive
does work on the latent state through Ji (Appendix A.1).
That kinematics is already determined by the autonomous
video, so a loading never seen during training is nonethe-
less prescribed by what the clip has shown. NeuROK [17]
drives its latent equation of motion through the same pull-
back, over deforming meshes rather than splats.

At inference the user applies a force f ∈ Rn at a scene
point x identified by raycasting. Its conversion to a la-
tent generalized force reads directly off the Schur mean
(Eq. (2)): a primitive i transports it as

flat =

(
∂µ

(s|q)
i

∂q

)⊤

f = J⊤
i f =

(
Σsq,iΣ

−1
qq,i

)⊤
f ∈ Rd,

(11)
added to the right-hand side of Eq. (7) for as long as the
force is maintained; it is the canonical generalized force of
virtual work, instantiated with the learned kinematics (Ap-
pendix A.1). The contact is spread over a neighbourhood
rather than attributed to the single closest primitive: what
enters Eq. (7) is the convex combination

∑
i wi(x) J

⊤
i f ,

with weights wi ∝ αi exp(−∥µ(s|q)
i − x∥2/2σ2) normal-

ized to one over a brush of radius σ. Because ϕi : q 7→
µ
(s)
i + Ji(q − µ

(q)
i ) is affine per primitive, each Ji is

constant and already stored as a covariance block: the
pull-back costs O(nd), with no network differentiation at
inference. What the kinematics cannot supply is the scale.
The Ji fix the direction and the shape of the response, but
the dynamics they feed is identified only up to the rescal-
ing (L,D) → (αL, αD), which leaves every observed
trajectory unchanged. A force in physical units is therefore
defined up to a single energy factor κ, global to the model
and fixed by one measurement of a known force and its
response, as announced in Section 1.

Interactive loop. Given one or two initial frames, we
set q0 = Enc(I0) and q̇0 ≈ (q1 − q0)/∆t (or q̇0 = 0
from a single frame) and integrate Eq. (7) with a sym-
plectic scheme, which keeps the energy from drifting over
long free rollouts [9]. Each interactive step collects the
user force, pulls it back through Eq. (11), integrates with
fext = flat and renders: a force injected at one step causally
modifies all subsequent states, and scaling D, T or V here
edits damping, inertia or the effective potential of the sim-
ulated object. The loop runs on two clocks: the dynamics,
pull-back included, is integrated in real time at the 30 or
60Hz of the test case, and rendering is decoupled from it,
above 80 fps on a 16GB GPU.

4 Experiments

Four questions organise this section. Does the learned
Lagrangian reproduce the recorded motion and the physi-

cal quantities behind it (Section 4.2)? Does the mechani-
cal prior buy anything past the end of the clip, measured
against a model that extrapolates the same video with-
out a Lagrangian structure (Section 4.3)? How does it
stand against published latent-dynamics models on a real,
pressure-actuated soft robot, and does its inertia have to
be learned (Section 4.4)? And does the force transport of
Section 3.4 behave as the geometry predicts (Section 4.5)?

4.1 Protocol

Every result below follows the two stages of Section 3.1,
with nothing retrained end to end: the dynamics is always
fitted on a latent chart that the photometric stage has al-
ready frozen.

Systems. Every case is one or several monocular videos
of a real object, filmed from a single fixed viewpoint, with
no state, force or torque annotation. All of them are au-
tonomous, left to move on their own once released, except
the soft continuum robot, which is driven throughout by
its chambers and carries the only sensor input of the set,
the measured pressures. What separates these cases in
difficulty is first of all the latent dimension d, given in
parentheses below and set to the number of degrees of
freedom the recording excites (Section 3.2); they are listed
here, and ordered in every table that follows, by increasing
d. Pendulum (d = 1): a real pendulum from the Delfys75
dataset of Castañeda Garcia et al. [7] at 60 fps, 632 train-
ing frames and 633 held out. Rainbow rocker (d = 1):
a coloured wooden rocking toy at 30 fps, one clip of 133
frames of which 100 train and the last 33 are held out; it is
also the case we reconstruct in 3D, under multi-view su-
pervision, every other one being rendered in 2D. Rocking
chair (d = 1): a real chair oscillating on the floor at 30 fps,
330 training frames and as many held out. Hanging bag
(d = 2): a backpack hung by its handle and left to swing,
filmed five times at 30 fps from the same viewpoint, four
clips training the model (2280 frames) and the fifth (270)
held out entirely, so that its validation is an unseen record-
ing rather than the end of a seen one. Double pendulum
(d = 2): a real chaotic double pendulum at 24 fps, re-
leased near its downward equilibrium so that the recorded
swings stay small against the full 360◦ range, 211 training
frames and 53 held out. Soft continuum robot [35]: a real
pneumatic robot at 60 fps in a one-segment (d = 2, two
pressure inputs, 43 800 training frames) and a two-segment
(d = 4, four inputs, 43 872) configuration, driven by mea-
sured chamber pressures, on the authors’ own 80/20 split;
it carries the only published baselines on identical data and
is treated on its own in Section 4.4.

For the two systems that are not rigid bodies, the hanging
bag and the robot, d is not read off a kinematic count but
fixed empirically; how it compares with the dimensions
the published baselines need on the same recordings is
Section 4.4.
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Metrics. Pixel error alone conflates rendering, phase
drift and damping, so we report four quantities. The free-
oscillation frequency error εfreq compares the oscillation
frequency of a free rollout to the one measured on the
video itself, with the same windowed spectral estimator
on both. It is what tells whether the physics has been
identified rather than the frames merely fitted, a model
being free to reproduce a clip while carrying the wrong
natural frequency. The latent error εq is an NRMSE, where
1.0 means no better than predicting the mean, and says how
far the predicted state drifts from the encoded one. The
image error εI says how much of that drift is visible, and
we report it as a multiple of the AE floor εAE, the static
reconstruction error of the frozen autoencoder: the floor
measures the visual complexity of the scene and of the
renderer serving it, where the ratio of the two isolates
what the rollout itself costs. Both are averaged over two
periods of the system’s own natural frequency, so that every
case is scored over the same amount of predicted motion.
Latent norms are taken in the visibility metric Ḡ of Eq. (6),
whose condition number reaches 341 on these systems, so
an isotropic aggregation would not merely be noisier but
wrong. Section 4.4 adds the 0.5 s image MSE of Krauss
et al. [35], for comparability with their benchmark.

Reading the rollout figures. Figures 3, 4, 5 and 7 share
one protocol. Each shows a single rollout of the learned
dynamics, integrated from the encoded state of one frame,
position and velocity, and never re-anchored afterwards.
The bottom row shows the real image, then the render at
the encoded q, which is the renderer’s own floor, then
the render at the predicted q, each panel adding one error
source to the previous one. The insets magnify the window
where the two renders differ most in excess of what the
autoencoder gets wrong there, so that what they show is
dynamics and not reconstruction, with an arrow giving
the direction of the measured shift. Latent components
are ordered by decreasing visibility, each panel carrying
the share of tr Ḡ that coordinate holds: a large error on
a barely visible component degrades the predicted image
only slightly.

4.2 Results across test cases

Table 2: Free rollouts, scored on the four criteria of
Section 4.1, on the held-out split and with εAE in 10−4.
System d εfreq (%) εq εI εAE

Pendulum 1 3.4 0.308 14.5 0.93
Rainbow rocker 1 1.2 0.125 13.6 0.35
Rocking chair 1 2.9 0.230 1.1 1.56
Hanging bag 2 2.0 0.150 1.6 0.93
Double pendulum 2 6.0 0.947 67.9 1.39
Soft robot, 1 segment 2 31.4 0.299 61.3 0.12
Soft robot, 2 segments 4 5.7 0.273 33.2 0.63

On every system but the one-segment robot εfreq stays
between 1 and 6%: the natural frequency, which nothing

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
time (s)

1.5

0.0

1.5

q

train held-outencoded q(t) = Enc(It) free rollout from t = 0

Target (last frame)

MSE = 6.8 × 10 4

AE floor (encoded q)

MSE = 1.8 × 10 3

Predicted rollout

16×16 px crop shifted by 1.0 px

Figure 3: One rollout across the train/held-out bound-
ary (rainbow rocker, d = 1, the learned Lagrangian of
Table 2; protocol in Section 4.1). The shaded region is the
held-out end of the clip, 33 frames the model has never
seen, over which the latent NRMSE is 0.335. Five oscil-
lations ahead, the handle edge is 1.0 px from where the
encoded state puts it, 2.4× the local reconstruction error.

2
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4
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%
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held-out clipencoded q(t) = Enc(It) free rollout from t = 0
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Target (last frame)

MSE = 1.3 × 10 3

AE floor (encoded q)
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Predicted rollout

16×16 px crop shifted by 1.8 px

Figure 4: Seven periods of free rollout on an unseen clip
(hanging bag, d = 2), a separate recording, so the whole
9 s is held out. Amplitude is held and the residual error is
a slow phase drift, 1.8 px at the last frame, 4.0× the local
reconstruction error.

supervises, comes out of the learned dynamics to within
a few percent of the one the video shows, which is what
Castañeda Garcia et al. [7] take as evidence that a model
has identified the physics. The one-segment robot is the
exception at 31.4%, and the cause is its recordings rather
than our model: they are made so as not to excite the
natural mode, which nothing in them therefore identifies
(Section 4.4). A frequency or a damping off by that little is
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Figure 5: Rollout on a chaotic system (real double pendu-
lum, d = 2). The dominant coordinate is the slow swing
of the assembly as a whole, and there the rollout holds
amplitude and frequency, losing phase after two to three
periods. The second carries the relative oscillation of the
two arms, θ2 − θ1, too chaotic to be identified from a clip
this short: the model draws a regular oscillation where the
encoded states scatter. The renderer is not what limits the
horizon.

still enough to put the rollout out of step with the recording,
which is what εq registers over two periods (Figs. 3 and
4), and the drift grows with the horizon: on the hanging
bag the latent error rises from 0.150 over two periods to
0.396 over the seven of Fig. 4. The double pendulum is the
case where it stays large, εq = 0.947, reaching 1.544 over
the whole clip and moving the last frame by 6.0 px, and
what it asks for is data: we identify it from the 211 frames
of one short clip, where the LNN of Cranmer et al. [11]
learns the same chaotic system from 600 000 simulated
states (Fig. 5).

4.3 What the Lagrangian prior buys

To weigh what the mechanical prior buys we compare
LaGSplat with GaussianPrediction [79], a member of the
family of Section 2.4 that carries none: Gaussian Splatting
forecast by a graph network over a few hundred key points,
an evolution law it is free to learn but that nothing requires
to be dissipative whatever the weights. Predicting motion
rather than identifying a law covers a wider class of ex-
trapolation problems than ours. On a dissipative system
that generality turns into a weakness, because convergence
to an equilibrium then has to be learned where our model
class cannot avoid it. Whether an unimposed dissipation
is learned nonetheless is what the comparison measures.
We train it on the rainbow rocker on the same split, then
roll both models out far past the end of the clip, into the
regime where a dissipative system has long since come to

Table 3: Extrapolation past the training window (rain-
bow rocker, d = 1, train frames 0–99, predicted frames
100–132). PSNR is measured on the held out frames
against the real video, LaGSplat autoencoder floor on them
being 31.79 dB. The physics rows read both models and
the real video in the latent chart of the frozen encoder:
the frequency error is referenced to 1.1433Hz and the dis-
sipation coefficient is the envelope decay rate 1/τ fitted
over the filmed window (τ = 4.7 s), both measured on
the encoded real frames. The last row comes from a free
rollout of 1000 s, against a filmed clip of 4.43 s.

LaGSplat GaussianPred.

Rendering (PSNR, dB)
Mean on held out frames 25.88 27.86
First predicted frame 27.28 31.61
Last predicted frame 23.53 23.63

Physics
Frequency error 1.2% 0.9%
Dissipation coefficient error 29% 60%
Amplitude left after 1000 s 0.00% 53%

rest. GaussianPrediction exposes images and no state, so
we read its predicted frames through the frozen LaGSplat
encoder to put both trajectories in one chart (Fig. 6). That
reading only means something as long as the encoder is fed
images it can make sense of, and it is: long after the motion
they show has ceased to be that of a dissipative system, the
predicted frames are still visually coherent and still land
within the latent range the clip covers. What has degraded
is the dynamics they display, not their appearance, so the
encoder is never asked to extrapolate.

On the held-out frames the baseline leads throughout (Ta-
ble 3): by 2.0 dB on average, by 4.3 dB on the first pre-
dicted one, and by a margin too small to mean anything
on the last one. Little of that is dynamics: it renders
200 155 Gaussians in its recommended setting against our
15 000, and a one-frame misalignment is worth about 2 dB
here, so the whole rendering block sits within a frame of
phase. GaussianPrediction also gets the natural frequency
of the system right, slightly better than we do (0.9% er-
ror against our 1.2%), and both models underestimate the
damping, on the training frames as on the held-out ones:
fitted over the filmed window, where all three series remain
comparable, our dissipation coefficient falls 29% short of
the one the real video shows and theirs 60%. Where the
gap really opens is the longer extrapolation. LaGSplat is
structurally constrained to converge to a stable equilibrium
by its Lagrangian structure, whatever the networks learn
(Section 3.3, Appendix A.2), and that is indeed what we
observe, in a few tens of seconds. GaussianPrediction, on
the contrary, never converges: about 55% of its initial am-
plitude is still there at the end of Fig. 6, 33 s in, and 53%
of it after 1000 s, in what looks like a stable orbit and is
entirely unrealistic for a dissipative system like the rocker.
Its renders stay photorealistic and inside the observed la-
tent range throughout, so its failure is dynamic and nothing
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measured on the pixels reports it. The same failure mode
has been reported on gated recurrent cells fitted to dissipa-
tive structural dynamics, where it motivated a cell whose
internal energy cannot grow at constant load and which is
therefore structurally incapable of a sustained orbit [58].

0 5 10 15 20 25 30
time (s)

1

0

1

2

q

encoded q(t) LaGSplat rollout GaussianPrediction

Figure 6: Free extrapolation far past the clip (rainbow
rocker, d = 1). The clip lasts 4.4 s, shaded; everything
to its right is free extrapolation, with no ground truth to
re-anchor either model. Both trajectories are read in the
same latent chart, the baseline’s predicted frames being
passed through the frozen LaGSplat encoder.

4.4 Real actuated soft robot

The system. The soft continuum robot of Krauss et al.
[35] is a real pneumatic actuator, silicone segments bent by
fibre-reinforced chambers and held to a plane, so that a sin-
gle camera sees the whole motion. Two configurations are
released, one segment driven by two independent pressures
and two segments joined by a rigid connector and driven
by four, and both are driven continuously throughout the
recordings rather than released from rest.

How many coordinates that motion has is worth settling
before the comparison. In statics, the two pressures of a
segment can lengthen it or bend it and nothing else, so a
segment holds two independent deformations, two for the
first configuration and four for the second. In dynamics,
such a soft structure has in theory infinitely many degrees
of freedom, which are expressed or not depending on the
frequency content of the loading applied. The chambers
are driven between 0.04 and 2Hz [35], while the robots
oscillate freely at 4.63Hz on one segment and 1.566Hz
on two: the input is too slow to reach the fast modes, and
on one segment it barely reaches the first one, at more
than twice the top of that band, where the two-segment
robot sits inside it. Nothing beyond those two and four
deformations was identifiable in these recordings in our
experiments, and the 32×32 frames make it harder still,
so we run at d = 2 and d = 4. The authors use d = 6
and 10 instead, which follows from their dynamics rather
than from the data: their latent equation is linear, where
two or four coordinates can carry the whole motion only
if the mass depends on q, for a reason that is in the object
rather than in the latent chart. Bending or compressing
one segment brings its mass closer to the centre of rotation,
which changes its inertia in the corresponding direction of
the latent space. No constant matrix carries that, unless the
dynamics is learned in a latent space of higher dimension

than the motion needs, which is what the extra coordinates
provide here.

LaGSplat handles higher resolutions easily, but we run
on the authors’ own released data, their 32×32 frames
at 60 fps, their pressure alignment and their contiguous
80/20 split, so that the comparison carries no protocol
difference. Nothing in a Gaussian is indexed by a pixel,
so the same weights render at any resolution and only the
cost of rendering grows with the number of pixels, where
the published decoders pay the change of resolution in
their own weights: the deconvolutional stack adds a stage
and doubles its channels each time the image doubles, and
the attention decoder carries a learned background map
the size of the image, which would hold over 95% of its
parameters at 256×256. That is the resolution Fig. 7 is
decoded at, retraining the decoder alone on the frozen
latent chart. The measured chamber pressures enter as the
generalised force b(q)⊤P of Section 3.3: they are an input
to the system rather than supervision on it, the actuation
matrix b(q) being learned like everything else.

The baselines. Their study evaluates four latent-
dynamics models under a common protocol, which we
adopt unchanged. They differ in their renderer and in their
dynamics, and we name each by that pair. The two dynam-
ics are the following, to be compared with our Eq. (7),

Osc.: M q̈+Dq̇+K(q− q0) = gθ(P ), (12)

Koopman:
[
q
q̇

]
t+1

= A

[
q
q̇

]
t

+ hθ(Pt), (13)

where M is diagonal, K couples every coordinate to ev-
ery other, D = αM + βK is a Rayleigh dissipation,
A ∈ R2d×2d is a free matrix, and gθ, hθ are small net-
works fed the last four pressure samples. Every coefficient
acting on the state is constant, so the pressure is the only
place where either model is nonlinear, and A carries no
time step: it is a map between consecutive frames. Neither
actuation term reads the configuration it acts on, where
our b(q) of Eq. (9) does. The two renderers are as dis-
tinct. A deconvolutional decoder turns the latent vector
into the image through a stack of transposed convolutions,
every pixel being produced from the whole state and no
part of the output attached to a coordinate. The attention-
broadcast decoder, which the authors abbreviate ABCD,
expands each latent coordinate over the pixel grid instead
and gives it its own map, a per-pixel weight obtained by a
softmax across the maps and a learned background. Each
map therefore localises in the image what one coordinate
moves, the background holding the static part of the scene.
The four share an encoder architecture, each training its
own autoencoder jointly with its own dynamics, which
is why every row carries its own AE floor. All four dy-
namics are linear in the latent state, so LaGSplat is the
only nonlinear Lagrangian in the comparison, and that
is what their d of 6 and 10 pays for. The errors we re-
port for them in Table 4 are their published ones, over the
same 30-step, 0.5 s horizon and the same 50 validation
trajectories, rather than our own re-measurements, except
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for the two one-segment models they leave unquantified;
their exact evaluation checkpoints are not recoverable from
the release, and re-running those checkpoints reproduces
their published two-segment figures to between ×0.88 and
×1.04 for every model but Osc. + ABCD, whose released
weights are the last epoch rather than the best (×2.11).

Applying a force to the image, which is what the last
column of Table 4 records, asks two things of a model
in turn: the decoder has to carry that force back to the
latent coordinates, and the dynamics has to turn the force
it receives there into an acceleration. Only ABCD allows
the pull-back, and only at a handful of points: it attaches a
position to what each coordinate moves, the centre of mass
of its mask, so a force can be applied at those centres and
nowhere else, d/2 of them once the coordinates are paired
into planar positions, where J⊤ places ours anywhere in
the image. A deconvolutional decoder produces every pixel
from the whole state and exposes no position at all. Only
the oscillator has a place for that force on the right-hand
side of Eq. (12), where M−1 turns it into an acceleration
and K−1 into a shift of the equilibrium. A term added to
Eq. (13) is only an increment of the state, no mechanical
reading being available from A, whose diagonal blocks
leave the second half of that state something other than the
time derivative of the first. Osc. + deconv therefore takes a
force in latent coordinates but has nowhere in the image to
place it (∼), and the two Koopman rows cannot take one
at all, whichever decoder they carry (×). Osc. + ABCD,
which the authors call VON, is the one baseline close to
LaGSplat on this: it pairs the coordinates so that each map
carries a planar position and a square Jacobian, and the
authors use it to draw latent forces in the image plane (✓).

Excited well below its slowest mode, the one-segment
robot answers pressure with stiffness, its inertia contribut-
ing next to nothing, so the recordings hold almost no ev-
idence of the mass and the frequencies identified there
mean little, ours off by 31.4%. That figure averages the
whole relaxation: our rollout holds 4.61Hz over its first
half, then falls 20 to 24% short as the motion dies out. Pre-
dicting 0.5 s amounts to reproducing the quasi-static map
from pressure to shape: the whole spread is a factor 3.0
there, against 23 on two segments, and we come last on
it. The best of the four there is Osc. + deconv, the simplest
dynamics of the set, where both Koopman maps lead on
two segments. A dynamics with less freedom likely has
less room to overfit an inertia the recordings do not show.

Two segments is the harder of the two configurations, twice
the coordinates driven by twice the chambers and coupled
through the connector, and every baseline loses accuracy
crossing to it where LaGSplat holds its own (×0.98). It
is there the most accurate model of the comparison, at
0.769× 10−3, the median of five seeds and not the best of
them, and it gets there on d=4 coordinates where all four
baselines use d=10: a factor 8.5 over Osc. + ABCD, the
interpretable oscillator that is our natural point of compar-
ison, 30 over Osc. + deconv, 7.4 over Koopman + deconv,
and 1.28 over Koopman + ABCD. Only that last margin

Table 4: The soft continuum robot, against the four
published baselines. MSE in pixels of [0, 1]; AE floor.
εfreq, against the frequency of free oscillation measured
on the depressurised tail of each clip, every baseline value
being our own measurement on their released checkpoints.
∗: our own re-measurement on those same checkpoints.
†: the released one-segment checkpoints carry d = 8, not
the published d = 6. External force: ×, none; ∼, in latent
coordinates only; (✓), in the image plane at d/2 points;
✓, anywhere in the image, through J⊤.

AE MSE εfreq Ext.
Method Dyn. d (10−5) (10−3) (%) force

One segment, two chambers
Osc. + deconv lin. 6† 1.01 0.246 40.4 ∼
Osc. + ABCD lin. 6† 2.39 0.574 58.0 (✓)
Koopman + deconv lin. 6† 0.91 0.734∗ 7.4 ×
Koopman + ABCD lin. 6† 0.92 0.535∗ 42.2 ×
LaGSplat nonlin. 2 1.25 0.786 31.4 ✓

Two segments, four chambers
Osc. + deconv lin. 10 5.43 22.7 76.8 ∼
Osc. + ABCD lin. 10 14.5 6.56 31.4 (✓)
Koopman + deconv lin. 10 3.95 5.66 18.3 ×
Koopman + ABCD lin. 10 5.17 0.984 8.3 ×
LaGSplat nonlin. 4 6.31 0.769 5.7 ✓

is thin, and it is held against the baseline that affords the
least, the one whose dynamics has no place for an applied
force.

Decoder-induced inertia. Section 3.3 left open whether
M(q) has to be learned at all. Pulling the ambient metric
back through the decoder Jacobians (Eq. (8)) yields an
inertia with no free parameter, built from the very Ji that
already transport forces, which is how NeuROK obtains its
kinetic metric [17]. It is state-dependent although every Ji
is constant, since what varies along the trajectory is which
primitives are present: on the hanging bag it varies by a
factor 2 to 3 while staying well-conditioned, its condition
number at most 3. Where the learned mass leaves the dis-
tribution of inertia over the scene open, this one fixes it by
assuming a uniform density (Section 3.3), an assumption
this comparison is also a test of. We compare it with the
learned mass on the two-segment robot under the same
frozen autoencoder, hence the same latent chart and the
same Ji, the same objective and the same settings, so that
the form of the mass is all that changes. The other terms
keep the structure of Section 3.3 and are retrained, their
weights free to adapt to that form. The induced inertia is
slightly behind on both counts, 1.33× 10−3 over the 0.5 s
horizon against the 0.769 × 10−3 of Table 4, and a fre-
quency error of 6.9% against its 5.7%. The learned mass
has more freedom, and that is what it buys; the residual
gap is what uniform density and the visible-material as-
sumption cost, and it is small. Carrying no free parameter
at all, the induced inertia would still rank ahead of three of
the four baselines. A constant inertia, in contrast, reaches
4.8× 10−3 on this test case: part of the state dependence
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Figure 7: Thirty seconds of pressure-driven rollout on
the held-out split (two-segment robot, d = 4). Top: time
evolution of the latent state q during the rollout, com-
pared to the trajectory of the encoded ground-truth frames.
Bottom: decoded frame at the last time step, rendered at
256 × 256. The first two components of q carry 98% of
the visible motion between them, which is why the offset
between the prediction and the ground truth is only 4.3 px
although the last two components are poorly predicted.

is in the object rather than in the chart, and no constant
matrix carries it. An inertia read off the decoder kinematics
therefore accounts for the motion of the robot several times
better than the best constant one, although the map q 7→ µi

it is built from was fitted photometrically and never told
anything about mass. That map has learned a kinematics
consistent with the way the robot actually moves, which is
what Section 4.5 relies on when the same Ji transport an
applied force.

4.5 Applying forces

The capability that separates LaGSplat from every entry
of Table 1 is that a force applied on the image enters the
identified dynamics at inference, through flat = J⊤f , with-
out retraining and although no force was ever applied in

the training video. Figure 8 shows it live on the rainbow
rocker and Fig. 9 on the two-segment soft robot. With the
Lagrangian and the dissipation of Section 3.3, the latent
equation that receives it is Eq. (7) carrying both actuations,

d

dt

∂L
∂q̇

+
∂D
∂q̇

− ∂L
∂q

= b(q)⊤P + J(q)⊤f , (14)

the measured pressure of Eq. (9) and the applied force of
Eq. (11), where J(q)⊤f is the weighted sum of the per-
primitive transports J⊤

i f over the primitives under the click.
Training identifies the left-hand side and the actuation map
b; the force is added at inference, through Jacobians the
autonomous video has already fixed. That transport is a
property of the map q 7→ µi rather than of the coordinates
used to write it: writing the same kinematics in any other la-
tent coordinates leaves every rendered response of the two
figures unchanged, and only the numerical values of ∆q
depend on the chart the encoder selected (Appendix A.1).
Both figures report equilibria of that equation, each panel
a live decode at the state q where the elastic restoring
force balances the right-hand side, the robot being held
at one operating pressure so that the applied force alone
changes between panels. No force ground truth exists for
our systems, so we check predictions that follow from the
Jacobian structure and that the unidentified energy factor
κ of Section 3.4 leaves invariant: ratios, signs and sums of
∆q.

In the image plane. On the rainbow rocker (d = 1), a
force of fixed magnitude applied at different points of the
moving object must shift the latent state by a ∆q that grows
with the lever arm of its application point and reverses
sign across the centre of rotation; both halves hold, panels
(a)–(c) of Fig. 8 giving ∆q = −0.50, −0.76, −0.84 and
panel (d) reversing to +1.22 for the same force on the other
side. A force applied on a background Gaussian, whose
Ji is null because it does not move with the object, must
leave the scene unchanged: panels (g)–(i) measure |∆q| ≤
0.007, at least 70 times below the on-object values, with no
segmentation anywhere in the pipeline. And the response
to f1 + f2 must equal the sum of the individual responses,
which no generative video model would satisfy: at a fixed
application point this is exact to 8× 10−8 relative, panels
(d)–(f) predicting one force from the other two by linearity.
The point at which the arrow is drawn moves between
those three panels because the force follows the matter it
was applied to: the selection is frozen on the Gaussians at
the click, and their image position is re-evaluated at the
deformed state.

On the soft robot. The kinematics is much richer here,
the object being deformable and its latent space four-
dimensional, so the response to a force is no longer read
off a single lever arm. Panels (a) and (b) of Fig. 9 give the
bending mode one would expect, both segments following
the force to the left and to the right. Panels (c) and (d) load
the first segment alone, and the second one bends although
nothing is applied to it. Two readings are open and the
figure does not separate them: the learned kinematics may
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Figure 8: Interactive force on the rainbow rocker
(d = 1). The image-space force f is drawn as a red ar-
row at its application point, every panel applying the same
magnitude on one arrow scale, so that only the application
point and the direction change. The white dashed curve is
the fixed rest envelope, the decode at qrest = argminV .
(a)–(c), lever arm: the same downward force applied at
three slats progressively farther from the rocker contact.
(d)–(f), direction at a fixed material point: the same
point of the object pushed downwards, obliquely and hori-
zontally. (g)–(i), background: the same force applied on
the floor, the shelf and the rug.

not decouple the segments exactly, or the second segment,
which hangs from the first and carries its own weight, may
bend under gravity once the first one has tilted. The axial
pairs (e)–(h) are consistent again: a force along the axis
stretches or shortens the segment it is applied to, without
bending it and without breaking the left-right symmetry,
apart from a slight asymmetry at the bottom of the second
segment in (h). Panel (i) applies two opposed forces at
the two ends of the second segment, at the junction and
at the free tip; the second segment bends while the first
one nearly holds its rest envelope, deflecting by about a
quarter of what the junction force alone produces in panel
(c), and against that force, toward the tip one. The sense
is the expected one, the distant force reaching the first
segment as a moment while the weight of the bent second
segment shifts the same way; we read no static balance
into the amount, since gravity loads both segments and
the figure cannot tell the two contributions apart. Nothing
in the model knows about segments: the force is applied
to whichever Gaussians the user selects, and the response,
whether it stays in one segment or reaches the other, comes
from the learned kinematics ∂µ/∂q alone. Turning these
readings into a quantified error would take a dataset in
which known point forces are applied and the resulting de-

Figure 9: Interactive force on the two-segment soft robot
(d = 4). Nine equilibria of the pressure-driven continuum
robot of Krauss et al. [35], all at one fixed operating pres-
sure, so that what changes between panels is the applied
force alone. The white dashed curve is the rest envelope
at that operating point, and arrow length is proportional
to ∥f∥ on one scale common to the nine panels. (a),(b):
bending of both segments, left and right. (c),(d): bending
of the first segment, left and right. (e),(f): force along the
axis of the second segment, outwards then inwards, which
stretches then shortens it. (g),(h): the same pair on the
first segment. (i): two opposed forces, one at the junction
between the segments and one at the free tip, under which
the second segment bends while the first one nearly holds
its rest envelope.

formation is recorded, which none of the systems available
to us provides.

Forces in three dimensions. With the decoder super-
vised by several views, here the synthetic ones SHARP
renders from each lifted frame (Section 3.2) rather than a
real multi-camera capture, the same mechanism operates
in the reconstructed volume rather than in the image plane:
a click casts a ray, the first Gaussian it meets becomes
the point of application, and f is a world-space vector at
that point. Panels (d)–(f) push the toy along a direction
in which it never moves in the training video, and nothing
happens: the state stays where it was to |∆q| < 3× 10−9,
an arrow that changes nothing. Such a force lies in the ker-
nel of the pullback. The toy has a single degree of freedom,
so each Ji ∈ R3×1 has one column, and a force orthogonal
to it transports as J⊤f = −3.1 × 10−17, machine zero,
whatever its magnitude. The points of the object do move
vertically as q varies, so the vertical is not in that kernel: a
vertical force of the same magnitude drives the toy from
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Figure 10: Applying a force inside the 3D scene (rainbow
rocker, d = 1, 15 000 Gaussians, decoder supervised by
novel views). Each row is one state of the interactive
simulation and each column one viewpoint of the free-
viewpoint viewer, with the yaw and pitch offsets from the
reference view written in the top row. f is drawn in red
from its point of application, with the same magnitude
everywhere and at a fixed length that only the viewpoint
foreshortens, so arrow length carries no information. (a)–
(c): the state at rest with no force at all, the static reference
that replaces the dashed rest envelope of Fig. 8. (d)–(f): a
force orthogonal to Ji = ∂µi/∂q at the selected primitive,
under which the state does not move: these renders differ
from (a)–(c) only by the arrow overlay itself. (g)–(i): a
vertical force, whose projection is nonzero, under which
the toy settles at a new loaded equilibrium.

rest to a new loaded equilibrium at q = +1.52, in the
expected direction.

5 Discussion

Limitations. The Lagrangian prior narrows the class of
systems the method applies to: a few generalized coordi-
nates, a smooth kinematics, and a dissipative dynamics
that is either autonomous or driven by a measured input.
Contact, impact, changes of topology, plasticity and hys-
teresis fall outside the dynamics we instantiate, where a
motion predictor carrying no mechanical structure covers
them all. The boundary is one of the dynamics we write,
not of the representation it acts on: the coordinates q, the
kinematics q 7→ µ(q) and the pullback J⊤ do not depend
on the form given to the latent equation of motion. Any
physics that reduces to an equation of evolution on a small
number of coordinates can therefore take the place of the
Lagrangian one and widen the class of systems the method
reaches, under one condition: that equation has to accept a
generalized effort on its right-hand side, which is what the
pullback delivers. A replacement that only predicts how q
evolves, with nowhere for J⊤f to enter, keeps the repre-
sentation and loses the interaction. Contact and plasticity

both admit a form that meets the condition, and we leave
them to the directions below; neither is implemented here.

Learning from video adds a requirement of its own: the
state has to be observable in the images. A single viewpoint
reads the motion the image plane exhibits, so a displace-
ment out of that plane would have to be supervised by real
multiple views. Plasticity raises the question more sharply,
since a plastic variable is not read off a frame the way a
deformation is: two frames that coincide can carry differ-
ent loading histories. That does not put it out of reach, it
puts it out of sight of the per-frame encoder of Section 3.2.
The recording narrows the class further: only the motions
a video exhibits enter q, so a degree of freedom the clip
never excites is one the model does not carry (Section 1).
The rainbow rocker shows what that costs under force: a
push orthogonal to its rocking plane transports to machine
zero and moves nothing (Section 4.5). That answer is right
for a moderate push and wrong for a large one, which
would tip the toy over. The clip never shows it tipping,
so no coordinate carries that motion and the model stays
rigid in that direction whatever the magnitude. A state at
which no Gaussian keeps any presence renders nothing,
so the Gaussians have to cover the whole region of Q the
state reaches at inference. The frames, in turn, have to
sample that region densely enough for the dynamics to be
identified over it. Both grow with the volume of the region,
hence with d. One coordinate settles the question in a sin-
gle oscillation, which sweeps the whole segment it lives on;
at d = 4 a trajectory is a curve in a four-dimensional space
and covers a thin part of it, so the rest of the coverage has
to come from the input. The chambers of the soft robot are
driven throughout the recordings over a band of frequen-
cies (Section 4.4), where the same robot released from rest
would have traced one decaying path and left the rest of Q
unvisited. For a system with many more coordinates, the
binding cost is therefore the recording itself, long enough
and driven variously enough to cover the space its state
lives in.

The force mechanism, which is the central contribution, is
never checked against a measurement. Section 4.5 verifies
predictions that follow from the Jacobian structure, ratios,
signs, sums and the kernel of the pullback, all of them
invariant under the energy factor κ; no error against a
known force is reported, because no dataset combines
what that would take: one fixed viewpoint, few degrees
of freedom, and applied point forces recorded with the
resulting deformation. PokeFlex [54] comes closest, real
objects poked by a robot arm with the interaction wrenches
and the contact points logged, but its poking is quasi-static,
so it would test the loaded equilibrium and not the forced
dynamics. Data of that kind would nonetheless settle the
scale: κ is global (Section 3.4), so one measured poke
fixes it for the whole model, where video alone leaves it
undetermined. Every visible primitive is treated as material
of the same density. What that assumption costs on the
inertia was measured on one system only (Section 4.4),
where it is small, but a system whose parts differ widely in
density has no reason to be as forgiving. In the worst case
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a motion in the image carries no mass at all: the primitives
that follow a moving shadow still take a share of it and still
transport a force, so a push aimed at the shadow moves the
object.

Fitting appearance first and dynamics second is a bet.
Against it, Friedl et al. [14] report jointly trained latent
Lagrangian models outperforming a sequentially trained
one by an order of magnitude on the decoded prediction;
for it, Zhu et al. [81] make the latent continuous by con-
struction, fit the dynamics afterwards on a frozen encoder,
and still beat every jointly trained pairing of a standard
autoencoder with a Neural ODE, an HNN or a SympNet.
The two are measured on different encoders, over simu-
lated states in one case and video in the other, and neither
settles the question for LaGSplat: fitting the same encoder
and dynamics jointly, and comparing with the two stages,
is an experiment we have not run.

Finally, the latent dimension d is chosen by hand, from the
physics or from the knee of the reconstruction error curve,
a rule that can overestimate d, as Chen et al. [8] report a
reconstruction degrading while the latent is still wider than
the minimal set of state variables.

Future work. Measured forces. Closing the loop on the
force side asks for a recording no dataset provides today:
one fixed monocular viewpoint, a few degrees of freedom,
and the applied efforts logged with their point of applica-
tion. Clips of human manipulation are the natural case,
and fall outside the class today because the hand is an
input the video never measures: masking the hand out of
the frames and logging the applied force and its contact
point with an instrumented glove [46, 68] would supply
the missing record, and the same measurement would fix
the energy scale κ (Section 3.4) once for the whole model.
Contact and impact. A differentiable contact model written
on q [80] would resolve them in the latent space, grafted
onto a Lagrangian or Hamiltonian network and so keeping
the right-hand side an applied effort enters by, in place
of the brush of Section 3.4, which injects an effort but
leaves the state continuous. Such a model needs a con-
tact geometry, and the primitives are already ellipsoids
carried by the state: Wang et al. [69] take the Gaussians as
collision geometry and as appearance at once, and learn
rigid-body dynamics from video through a differentiable
engine, which supplies the geometric half of what a latent
contact would take. That geometry constrains the primitive
itself: their Gaussians are spheres with frozen rotations,
so that a smoothed signed distance can be read off them,
where the latent axes we add live in the anisotropic covari-
ance itself (Section 3.2); recovering a contact geometry
without giving up that anisotropy is what remains open.
The mechanical half is the transport we already have, an
impulse resolved on the primitives entering the latent equa-
tion through the same J⊤. Plasticity and hysteresis. The
other dynamics the Lagrangian form leaves out, carried
as internal variables beside q with a free energy and a
dissipation rate, in the manner of Masi and Stefanou [49],
at the price of a larger d and of an encoder reading a win-

dow of frames rather than the single one of Section 3.2.
Those internal variables are compressed from microscale
fields a video does not provide. A video supervises the
observed response alone, which is what a recurrent consti-
tutive model trains against, carrying the loading history in
a hidden state and never fitting the internal variable itself
[20]. Coupling with other simulators. Rigid bodies, a fi-
nite element structure or a particle solver, placed beside
the identified object in one virtual environment: a reaction
computed by the environment enters the latent equation
through J⊤, and the primitives µi(q) return the geome-
try the environment collides against, in both directions at
inference and without retraining. VR-GS [29] builds the
interactive setting with the physics prescribed on a tetra-
hedral cage around the Gaussians rather than identified
from the video; what would change here is that the object
carries its own identified dynamics into the scene. Control
from video. The identification returns a mass, a dissipation,
a potential and an actuation matrix b(q), which is what
model-based control asks for, so a controller could be de-
signed on the identified model of a soft robot with no joint
encoder ever attached to it [34, 48]. Designed excitation.
Which input sequence, or which set of releases, covers Q
best for a given number of frames is a question classical
system identification treats under the name of persistent
excitation. Priors across systems. Learned once rather
than once per object, so that the coverage above is not
identified from scratch every time. The two branches of
Sections 2.3 and 2.4 sit on either side of what this would
take: one learns over many systems what motion looks like
and never registers it against the particular object filmed,
the other identifies one object from its own video and starts
from nothing every time. Between the two, a prior over
the kinematics and over the dynamics itself, the mass, the
potential and the dissipation, amortised over many systems
and then fitted to one, would let a short clip identify what a
long one identifies today, in the spirit of [17, 73]. A chart
shared across systems. Such a prior has to be written on a
chart, and the transported effort does not depend on the one
the encoder selects (Appendix A.1): a single latent space
can therefore carry every system, what distinguishes them
being the kinematics Ji and the functions M , V , C and b
written on it rather than the coordinates themselves. The
counterpart is that the coordinates of two systems are then
unrelated, so a prior learned on one says nothing about the
other, and a shared chart needs a rule giving each coordi-
nate the same role everywhere. NeuROK obtains one by
training a single encoder over many objects, so that they are
all read into the same latent space [17]. A general-purpose
visual encoder is shared in that sense already: DINOv2
[55] and JEPA-style video encoders [71] map every scene
into one space, and using them frozen would also remove
the per-scene encoder training our pipeline needs. What is
not settled is whether their features resolve the few degrees
of freedom that carry the motion, which is what q has to
be. Several systems in one clip. Each of our clips films
a single object. Two objects moving at once should be
carried by coordinates that separate, disjoint blocks of q
with a mass and a potential that do not couple them, and
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the force mechanism supplies the test: a push on one leaves
the other still. An exactly identified model would pass it
whatever the coordinates, the equations being covariant, so
what is at stake is the fit rather than the principle, the block
structure being a prior that nothing in the losses currently
rewards; and the joint state space is the product of the
two, which brings back the coverage question above. Per-
primitive density. The decoder-induced metric assumes it
uniform for want of a way to tell the primitives apart by
material (Section 3.3): a network predicting a density from
appearance, as Le et al. [37] predicts material fields and
Lin et al. [45] constitutive models, would supply the mi

that Eq. (8) shares between all primitives today, fixing their
ratios though not the global scale κ. Telling the primitives
apart by material also means telling apart those that carry
no material at all: segmenting the object from the shadow
it casts would drop the shadow primitives from both sums,
the mass of Eq. (8) and the brush of Section 3.4, where
they currently weigh and take a push like the rest. Articu-
lated systems and constraints. Multi-body systems via a
Lagrangian graph network [6], and systems with explicit
constraints, which LaGSplat does not enforce [13], trad-
ing that guarantee for the ability to handle an unknown
constraint topology.

6 Conclusion

We presented LaGSplat, which replaces the time param-
eterization of dynamic Gaussian Splatting by a learned
physical state q: one low-dimensional vector is at once the
generalized coordinate of a dissipative Lagrangian identi-
fied from video and the conditioning variable of a decoder
whose primitives are explicit points moving with the object.
Nothing supervises q: the training signal is the video itself.

Across seven real systems, from one degree of freedom
to four, the natural frequency comes out of the learned
dynamics within a few percent of the one the video shows,
on every recording that excites it. On the two-segment soft
continuum robot of Krauss et al. [35], evaluated on the
authors’ own data, split and protocol, LaGSplat is the most
accurate of the five models compared, with four coordi-
nates where the published baselines use ten; an inertia read
off the decoder kinematics, carrying no free parameter at
all, still ranks ahead of three of them. Against a motion
predictor with no mechanical structure, GaussianPredic-
tion [79], it settles at a stable equilibrium the training clip
never shows, where the baseline is still orbiting a thousand
seconds later.

The capability that motivates the construction is force at
inference. A force applied anywhere in the image, or in
the reconstructed volume under multi-view supervision,
transports through the decoder Jacobians into the identi-
fied equations of motion, without retraining and although
no force was ever applied in the training video. Its di-
rection and its shape are fixed by the kinematics that the
autonomous video has already determined; its amplitude
is fixed only up to one global energy factor.

The Lagrangian prior narrows the class of systems the
method reaches, and buys inside it a response to unseen
forces that stays bounded and physically plausible.
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A Derivations

This appendix collects the derivations relegated from Sec-
tion 3: what the learned kinematics transports, forces and
inertia alike (Section A.1), and the energy balance behind
the bounded-response remark (Section A.2).

A.1 Forces and inertia from the learned kinematics

Stage 1 gives each primitive i a forward kinematics, the
map from the configuration q ∈ Rd to the centre of that
primitive in the n-D render space,

ϕi(q) = µ
(s)
i +Ji (q−µ(q)

i ), Ji = Σsq,iΣ
−1
qq,i, (15)

affine by Eq. (2). It plays the role of the position ri(q)
of particle i in analytical mechanics [19]. Once that map
is fixed, both the generalized force and the kinetic energy
follow from it by the textbook rules, with no further mod-
elling choice.

Transport of a force. A virtual displacement δq moves
the primitive by δµi = Ji δq, so a force f applied to it
does the work

δW = f⊤δµi = f⊤Ji δq

= (J⊤
i f)⊤δq, ∀ δq.

(16)

The latent force we are after is the vector flat that does this
same work against any virtual displacement of the latent
space, that is δW = f⊤latδq. The last line has exactly that
form, with flat = J⊤

i f , and no other vector does, since
two vectors with the same product against every δq are
equal. Equation (11) is thus the canonical generalized force
Qj =

∑
i Fi·∂ri/∂qj evaluated on the learned kinematics,

which is what makes its injection into Eq. (7) consistent
with the energy balance of Section A.2.

Invariance to the latent chart. The latent coordinates
come out of the encoder and the whitening that follows
it, so they carry no physical meaning and are fixed only
up to a smooth change of variables q = ψ(q̃). Writing
Ψ = ∂ψ/∂q̃, the chain rule replaces Ji by JiΨ, hence the
transported force by Ψ⊤flat; a virtual displacement of the
new chart is δq = Ψ δq̃ in the old one. The two factors
cancel and the work is the same on both sides,

(Ψ⊤flat)
⊤δq̃ = f⊤latΨ δq̃ = f⊤latδq. (17)

The response to a given user force therefore does not de-
pend on the chart the encoder happened to select.
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The same map carries the inertia. Giving every prim-
itive the same mass m and weighting it by its presence
ŵi(q), the latent opacity of Eq. (4) normalized over primi-
tives, the kinetic energy of the material points reads

T = 1
2 m

∑
i

ŵi(q) ∥µ̇i∥2 = 1
2 q̇

⊤
(
m
∑
i

ŵi(q) J
⊤
i Ji

)
q̇

(18)
because µ̇i = Jiq̇, which is the mass matrix of Eq. (8).
All the state dependence sits in the gating ŵi(q), which is
why M(q) varies along a trajectory, and carries Coriolis
terms, although every Ji is constant.

A.2 Bounded forced response

We record the energy balance behind the bounded-response
remark of Section 3.3, under the assumptions realized by
the architecture: (A1) M(q) = LmL

⊤
m + εI ≻ 0 SPD,

so T ≥ ε
2∥q̇∥

2; (A2) V coercive (radially unbounded),
enforced by a quadratic floor + εV

2 ∥q∥2, without which the
energy would still decrease while its sublevel sets stayed
unbounded, leaving q free to drift; (A3) C(q) = LcL

⊤
c +

c0I ⪰ c0I , with the isotropic floor c0 > 0 of Section 3.3.

With L = T − V , D = 1
2 q̇

⊤C(q)q̇ and total energy E =
T +V , differentiating along a solution of Eq. (7) and using
Euler’s theorem for the quadratic D (q̇⊤∂D/∂q̇ = 2D)
gives

Ė = f⊤extq̇ − q̇⊤C(q) q̇ ≤ f⊤extq̇ − c0∥q̇∥2. (19)

Free rollout. With fext = 0 the balance reads Ė ≤
−c0∥q̇∥2, so E is a Lyapunov function, strictly decreas-
ing outside rest, and the trajectory stays in the sublevel
set {E ≤ E(0)}, which (A1) makes bounded in q̇ and
(A2) in q. By LaSalle’s invariance principle [32] it con-
verges to a state where the velocity is zero and stays zero,
which by Eq. (7) requires ∂V/∂q = 0. Both potentials
of Section 3.3 have exactly one such point, their global
minimum, the ICNN by strong convexity under the floor
of (A2) and the invex form by construction. Every free
trajectory therefore comes to rest at that single state, from
any initial condition and however far a force had driven it:
sustained oscillation is excluded by the architecture, before
any training and whatever the networks have learned.

Maintained force. This is the regime of Section 4.5,
where a force is held while the state settles. For a constant
fext = f , the same differentiation applied to the loaded
energy Ef = T + V − f⊤q cancels the injected power
exactly,

Ėf = Ė − f⊤q̇ = − q̇⊤C(q) q̇ ≤ −c0∥q̇∥2, (20)

and Ef is coercive as well, the quadratic floor of (A2)
dominating the linear term f⊤q. The free-rollout argument
therefore applies verbatim with V replaced by V − f⊤q:
the response stays bounded and converges to a loaded
equilibrium ∂V/∂q = f , which is what the panels of
Figs. 8 and 9 report.

Those statements are continuous-time; the symplectic
scheme of Section 3.4 is what keeps a long discrete rollout
from drifting away from them. They bound the response;
they do not make it quantitatively exact far from the train-
ing data.

B Deformation-Field Decoder at Equal
Budget

Section 2.1 leaves two ways of giving a primitive a po-
sition that follows the state. Ours places the primitive in
the (n+d)D volume and conditions it on q (Section 3.2),
which makes q 7→ µi affine with a constant Jacobian. The
other keeps the primitive n-D and warps it with a network
of q, after Wu et al. [72].

The second family contains the first. Its primitives follow
whatever curve the network draws, so each of them can in
principle stay on one piece of the object over the whole
motion, which a straight line through the latent volume
cannot do. That freedom buys no image quality here, and
the primitives stop following the matter they render.

Eq. (5) has no term that holds a primitive on the same piece
of matter. The loss scores rendered frames, and a frame
is explained as well by a primitive that has moved with
the object as by another that has taken its place. Material
tracking is therefore never supervised. It comes out of
the fit: the same primitives have to explain every frame
of the clip, and between two nearby states the cheapest
way for one of them to do so is to shift slightly and keep
covering what it already covered, rather than leave it to a
primitive arriving from elsewhere. In our decoder a visible
primitive translates along a line in q, at a rate fixed once
and for all by the block stored with it, and the latent gate of
Eq. (4) fades it in and out along the way without taking it
off that line. The deformation field ties it to no trajectory:
centre and extent are free functions of q, so one primitive
shrinking below the pixel while another grows in its place
costs nothing.

We ran both on the rainbow rocker with 15 000 primitives
on each side, the same photometric loss and regularizers,
the same optimizer and schedule, so that the parameteri-
zation of q 7→ µi is the only difference. The deformation
side uses 9.8M parameters, ours 195k.

Reconstruction. At the end of training the deformation
field is behind on every term of Eq. (5): L1 0.0157 against
0.0142, the SSIM term 0.076 against 0.063. Both decoders
are scored on the frames they were fitted on, so this com-
pares capacity spent and not generalization, and at this
budget the extra 9.6M weights buy no image quality.

The Jacobian field. Primitive velocities are not super-
vised either. Figure 11 reads µ̇i = Jiq̇ off both decoders
at the same state. The two renderings are hard to tell apart,
the two velocity fields are not. Ours varies smoothly over
the rocker; the deformation field is rough, a primitive differ-
ing from its immediate neighbours by 6.9 px/s in median
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Figure 11: The same motion read off the two decoders
(rainbow rocker, d = 1). Each primitive is colored with
the norm of its velocity ∥µ̇i∥ = ∥Jiq̇∥ and rasterized by
the same kernel, with the same opacities and covariances
as the frame beside it.

against 1.4 px/s for ours, and it sets primitives in motion
over the static background and over the rocker itself. A
decoder can therefore render the clip well and still leave
∂µi/∂q meaningless, which is the derivative that Eq. (11)
pulls an applied force back through and that Eq. (8) reads
the inertia off.

C Implementation Details

The same architectures are used on every system. The
latent dimension d, the image resolution, the number of
primitives and the length of the runs are set per system.

Architectures. The encoder is a continuity-preserving
convolutional autoencoder [81]: three convolutions with
12×12 filters, two channels each, stride 2 and ELU ac-
tivations, average-pooled to 4×4 and mapped to q by
one linear layer, about 2 000 parameters. The decoder
holds K Gaussians of dimension n + d, 1 000 to 15 000
of them depending on the scene, which is 104 to 2× 105

parameters. The LNN is under 15 000 parameters: a scalar
ICNN [2] for the potential, hidden [64, 64] with softplus
activations, composed with a 2-block i-ResNet diffeomor-
phism (width 64, Lipschitz cap 0.9) when an invex poten-
tial is required (Section 3.3); an MLP with hidden [64, 64]
for the Cholesky factor of M(q), SPD floor ε = 0.1; an-
other for the full C(q), initialised at 0.2 I with isotropic
floor c0 = 1; and one invex ICNN head per chamber for
the actuation map ν(q).

Training. Both stages are trained with Adam. Stage 1
trains encoder and decoder jointly for about 5× 104 opti-
mizer steps, the number of epochs following from the size

of the clip and the period of the Gaussian lifecycle scaled
with it, on 0.08L1 + 0.02 (1− SSIM) + 0.01 anisotropy,
with a 7×7 SSIM window; a Gaussian whose peak opac-
ity falls below 0.02 is periodically recycled, either by
splitting an overloaded alive Gaussian along the prin-
cipal eigenvector of its full (n+d)D covariance or by
teleporting it to a high-error region. Latent whitening
qwhite =W (Enc(I)− µ̂), withW = V diag(λ)−1/2 from
the eigendecomposition of the encoded covariance, is com-
puted once on the training frames at the end of that stage
and frozen with the chart. Under multi-view supervision
(Section 3.2) the novel views are 65 SHARP renders per
frame, computed once and cached. Stage 2 trains the
dynamics alone on windows of the clip, again for about
5× 104 steps, its objective one differentiable Verlet step
with latent position and velocity weighted equally in the
visibility metric, ridge ρ = 0.01. High-resolution renders
retrain the decoder alone on the frozen chart.
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