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Abstract—Learning dynamics begins with a question of repre-
sentation: dense per-vertex meshes, or coarser units that capture
how parts move and interact? We study RigidFormer, an object-
centric Transformer that learns mesh-free dynamics from point
sets, the form in which a depth sensor delivers a scene. Each
object (or articulated part) is one token; a Transformer reasons
over inter-unit interaction, a few anchors per unit carry the
state, and a differentiable Kabsch projection recovers each unit’s
SE(3) transform, so rigid structure holds by construction rather
than by training. The same token-and-anchor model spans rigid,
articulated, and deformable dynamics: it matches mesh-based
simulators on MOVi from points alone, stays stable under 25%
point masking, scales to 216 bodies, and rolls out command-
conditioned motion for an ASE humanoid and a Unitree G1: the
prediction a planner queries from a world model. Replacing the
rigid projection with a blending module extends the same model
to thin shells, soft bodies, and fragmentation. The object-level
token is thus a scalable, mesh-free alternative to dense message
passing.

I. DYNAMICS STARTS WITH REPRESENTATION

A learned dynamics model faces a choice about what unit
it reasons over. Mesh- and vertex-based simulators predict per-
node forces over a connectivity graph [14} [1} [17} 22]], which is
expressive but ties the model to known topology and scales as
O(NZ) in interacting vertices. Robot perception rarely delivers
that topology: a depth sensor returns an unordered, partial point
cloud, and an articulated body is observed as a collection of
moving surfaces whose joints and exact geometry are not
given. Point-based models are a known route to robustness
under such partial, noisy observation [13]. Most of what such
a model must track, meanwhile, moves rigidly, as an object
or a part on SE(3), structure a network should not have to
rediscover from data. A useful representation should therefore
be mesh-free, tolerant of partial observation, organized around
the granularity at which parts actually interact, and geometric
where the motion is.

RigidFormer adopts these constraints directly: each object,
or each part of an articulated body, is a single token, cutting
interaction cost from vertex-level O(NZ) to object-level
O(N2) (Fig. ; N,=4 sparse anchors per unit carry the state,
and a differentiable Kabsch step projects them back to a rigid
transform, keeping every unit on SFE(3) over long rollouts. The
representation is not specific to rigidity: the same architecture
predicts command-conditioned articulated motion, serving as
a world model a planner can query, and relaxing the rigid
projection extends it to genuinely deformable scenes (Fig. [2).
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Fig. 1: RigidFormer pipeline. From two point states, a step size, and
optional control signals, each object becomes a token; object- and
anchor-level interactions advance a compact anchor set, integrated by
Verlet and projected by differentiable Kabsch to t+1. Anchor-based
RoPE aids generalization.

II. RELATED WORK

Mesh-based dynamics. Graph-network simulators
(MeshGraphNets [14], FIGNet [1], SDF-Sim [17], HopNet [22],
HCMT [24])) pass messages over mesh or contact graphs:
accurate, but tied to connectivity and scaling with vertex count,
ill-suited to raw points and unknown joints. Point/particle
dynamics. Particle simulators [23] [18]] drop mesh assumptions
but lack an explicit object abstraction. Object-centric models.
Slot/object-token methods [8] compress scenes into entities;
we instantiate this for dynamics and tie each token to a
recoverable SFE(3) state. Articulated motion. Character
controllers [11, [10] generate articulated behavior from
commands; we instead predict it from part point sets, reusing
the rigid-body machinery. Classical engines provide the
reference simulations [20, (9] 13].

III. OBJECT-CENTRIC MODEL AND THE ARTICULATED
MAPPING

RigidFormer predicts the next state from two consecutive
point-level observations and an integration step size, X;y1 =
fo(xt—1,%¢, At), using no mesh connectivity. Each vertex i
carries a 12-D input feature ¢;: nearest-neighbor displacement
to the closest point on another unit or the ground (contact
geometry), per-step position increment (velocity surrogate),
reference offset to the first frame, and physics parameters
[mass, friction, restitution] supplied by the simulator, an as-
sumption we return to in Sec.

Object tokens. A shared hierarchical PointNet encoder [15]]
£ maps each unit’s points to one 768-D token, and a 4-layer
Transformer [21] 7 with gated attention [16] models inter-unit
interaction,
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with U, the vertex set of unit o. This is where the O(NZ)—
O(N2) reduction occurs: rigid bodies and articulated parts



both move as coherent units, so the token is the natural causal
granularity.

Anchor advance and rigidity by construction. Rigid
motion is 6-DoF, so each unit is advanced through N,=4
farthest-point anchors {aoyk}gil: three non-collinear points
already determine a rigid frame, and a fourth makes the fit
overdetermined, so one noisy anchor cannot corrupt the pose.
Each anchor cross-attends (CA) to the interacted tokens and
pulls in contact-local geometry through Anchor—Vertex Pooling
(AVP), and an MLP predicts its acceleration, which Verlet
integration turns into the advanced anchor position,

doe = MLP(CA(aok, {20}), AVP(ao s, Us)),  (2)
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where AVP weights nearby vertices by a learnable isotropic
kernel #,(d) = e~%/?. A differentiable Kabsch step [[7,2]] then
fits the single SE(3) motion that carries the unit’s reference
anchors onto the advanced anchors,
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solved in closed form by the SVD of the centered anchor cross-
covariance and broadcast to every vertex from the reference
frame, xﬁ“ =R, x?f + 7, for ¢ € U,, so no shape drift can
accumulate and long rollouts stay stable. For a free rigid body
the projection enforces global rigidity; for an articulated part it
enforces part-level rigidity while joint behavior emerges from
cross-part attention.

Geometry and conditioning. Anchor-based RoPE (ARoPE)
encodes spatial extent from the anchors, mean-pooled to be
invariant to anchor reindexing [19, [6]; with no sequence-index
embedding the decoder is permutation-equivariant over units.
We do not impose global S E'(3)-equivariance, since gravity and
ground contact break that symmetry. Step size enters through
a FiLM [12] modulation FiLM(h; ¢) = v(c) ® h + 3(c) of the
decoder features.

Articulated parts as object components. Articulated bodies
require no new module: each body part is one object-level
component, joint coupling is captured by the same cross-part
attention used for inter-object contact, and a control command
(target speed, move direction, facing direction) is injected
through its own FiLM modulation, mirroring the step-size
pathway. An ASE humanoid [11] becomes 17 interacting
components driven by a 5-D command; a Unitree G1 becomes
31 components driven by a 3-D command. Part-level Kabsch
keeps each segment rigid while the network learns how
commands reshape the inter-part configuration over time.
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IV. EXPERIMENTS

We evaluate on MOVi-A (3 primitives), MOVi-B (11
categories, 51-1142 vertices), and MOVi-Sphere [4], each with
1200 scenes of 480 frames, following the HopNet protocol
(2 warmup frames, then autoregressive rollout). Metrics are
center-of-mass translation RMSE (m) and quaternion-geodesic
orientation RMSE (deg). RigidFormer (174.8M parameters)
trains with AdamW (Ir 10~*) for 300 epochs, step sizes
sampled from {1,5,10}.

TABLE I: Performance on MOVi-A/B/Sphere: position RMSE (m)
/ orientation RMSE (°) at 50/100 frames (step size 1). Top-two per
column shaded (1st, 2nd); RigidFormer uses point inputs only.

Model MOVi-A MOVi-B MOVi-Sphere

50 100 50 100 50 100
MGN+ 0.705/31.21 N/A 0.538/26.91 N/A N/A N/A
MGN-LargeRadiust 0.119/15.07 N/A 0.460/26.34 N/A N/A N/A
FIGNet 0.115/14.84 N/A 0.127/13.99 N/A N/A N/A
FIGNet;eimpl 0.132/7.10 0.492/23.30 0.141/7.39 0.516/24.96  N/A N/A
HCMT;‘Cimpl 0.239/5.70 0.951/18.40 0.237/4.72 0.932/17.43 0.243/4.19 0.956/13.81
VF'DIQ,.“rnpl 0.235/5.10 0.827/20.37 0.275/4.65 0.987/16.99 0.244/4.47 0.855/17.65
HopNet 0.054/5.64 0.196/18.83 0.047/4.91 0.176/17.91 0.034/4.05 0.124/13.68
RigidFormert:* 0.049/5.06 0.177/18.32 0.050/3.97 0.161/15.33 0.026/3.00 0.099/11.19

* Transformer-based; ' point inputs; ;eimp1 reimpl.; + prior work.

Rigid main results. Tab. [[| shows that the object-token repre-
sentation, despite consuming only points, matches or surpasses
mesh-based simulators: on MOVi-B at 100 frames it improves
the strongest baseline from 0.176/17.91° to 0.161/15.33°, and
on MOVi-Sphere it leads at every horizon (0.099/11.19° at
100 frames). A coarse object-level representation is thus not a
fidelity sacrifice relative to dense mesh message passing.

Variable step size. One trained RigidFormer rolls out at step
sizes {1,5, 10} through FiLM conditioning, trading temporal
resolution for horizon. Larger steps issue fewer autoregressive
updates and lower the 50-frame error: on MOVi-B, RigidFormer
improves from 0.050/3.97° at step 1 to 0.029/1.51° at step
10. A planner can thus query coarse rollouts for action search
and fine rollouts near contact from one model, with no per-At
retraining.

Articulated dynamics. Treating each part as an object-level
component and feeding commands through FiLM, RigidFormer
reaches 0.062/14.47° at 100 frames for the ASE humanoid
and 0.072/16.26° for the Unitree G1, the same error scale as
the multi-object rigid task, with no architectural change. The
same machinery covers a manipulator acting on a free object:
Fig. @] shows simulated Franka push-cube rollouts where the
arm’s links are object-level components and the cube a free
body, co-evolving under contact, with no joint-aware loss or
per-embodiment tuning.

Partial point clouds. Robots see incomplete surfaces.
Masking 25% of each unit’s points at test time, reusing the same
full-cloud model with no retraining or completion, still yields
stable, low-drift rollouts: the token-plus-anchor representation
degrades gracefully, summarizing object extent rather than
reconstructing it vertex by vertex.

Resolution generalization. Trained with randomly sampled
point counts, RigidFormer stays stable at an unseen test
resolution of 768 points per object: the token summary does
not overfit to sampling density, which matters when one model
ingests clouds of varying size across sensors and scales.

Scalability and controllability. On WreckingBall scenes
with 64, 125, and 216 cubes (Fig. @ left), RigidFormer stays
stable at ~20FPS, using ~58x fewer attention pairs than
vertex-level at 217 objects (216 cubes plus the ball), and follows
heading and speed commands for articulated embodiments
(Fig.[6] right): the payoff of choosing the object as the reasoning
unit when many parts interact.
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(a) Rigid to soft: a learnable skinning module under physics-informed
supervision; FEM reference simulated with libuipc.
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(c) Controllable Unitree G1, each row a different initial state and
command (Isaac Gym).

Fig. 2: RigidFormer also models non-rigid and controllable dynamics:
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(b) Object fragmentation: a body cracking into many free pieces under
impact.
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(d) Thin-shell drape: mesh visualization (rows 1, 3) and per-vertex
skinning weights (rows 2, 4).
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soft bodies, object fragmentation, and deformable thin shells relax the

rigid projection to a blending module, while the command-conditioned humanoid keeps per-part Kabsch, all from the same object-token
backbone. Meshes are shown only for visualization; the model operates on points.
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Fig. 3: Qualitative RigidFormer rollouts on held-out MOVi-A, MOVi-
B, and MOVi-Sphere scenes, capturing multi-object bounces, stacking,
and resting contacts over long horizons. Meshes are shown only for
visualization; the model operates on point inputs.
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Fig. 4: Simulated Franka push-cube (three trajectories, six time-spaced
frames each). The 7-DoF arm is modeled as interacting object-level
components and the cube as a free rigid body; both co-evolve under
contact. This manipulation regime, with an articulated arm acting on
a free object, lies beyond the MOVi free-fall setting and motivates
action-conditioned rollout.

Beyond rigidity: thin shells, soft bodies, fragmentation.
The interaction layer is agnostic to how a unit advances;
only the final projection encodes rigidity. Replacing the
per-component Kabsch step with a blending module turns
RigidFormer non-rigid: each vertex follows an RBF-skinned,
residual-corrected blend of the anchor transforms instead of one
rigid motion (shells are split into 8 patch tokens of 4 anchors
each), so a shell drapes over a sphere, soft bodies deform,
and objects fragment (Fig. 2). The same rollouts also drive
rendering, coupling RigidFormer with Diffusion-as-Shader [5]
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Fig. 5: Partial point-cloud rollouts. Three example sequences (rows)
with 25% of each object’s points masked at test time; RigidFormer
reuses the same model with no retraining and stays stable, with
accurate inter-object contacts.
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Fig. 6: Scalability and controllability. Left: 216/125/64 cubes;
RigidFormer stays stable as object count grows. Right: direction-
controlled articulated dynamics (humanoid: green/red = facing/move
arrows; G1: arrow = move direction).

to restyle a trajectory under varied prompts (Fig. [7).
Efficiency. On MOVi-B 50-step rollouts, RigidFormer runs
at 41.9ms/step (23.9FPS) at 1.80GB peak memory, 8x
faster than FIGNet (336.0 ms) and 101x faster than HopNet
(4228.7 ms); for closed-loop manipulation, where many futures
are rolled out per control cycle, this margin favors object-level
tokenization. Tab. [l summarizes these trade-offs.

V. DISCUSSION, LIMITATIONS, AND FUTURE WORK

RigidFormer’s contribution is representational: one object-
level token plus sparse anchors per unit is a mesh-free,



Fig. 7: Controllable video generation: coupling RigidFormer with Diffusion-as-Shader renders one predicted trajectory under varied style
prompts. Left two: the tracking rollout and rendered mesh used as controls; right four: stylizations driven by the same predicted motion.
TABLE II: Method comparison. Mesh-free: no connectivity; Var. At:
multiple step sizes; Preproc.-free: no offline geometry; #Warmup:
frames to start a rollout.

Method Mesh-free  Var. At Preproc.-free #Warmup| FPST
MGN [14] X X 4 2 57
FIGNet X X v 3 3.0
SDF-Sim X X Xt 3 -
HopNet [22] X X xt 3 0.2
RigidFormer (Ours) v v v 2 239

 SDF pre-learning ~5h; ¥ simplicial-complex build ~15 days (MOVi-B).
perception-friendly state that matches dense mesh simulators on
rigid contact, tolerates partial observation, scales to hundreds
of bodies, and covers command-conditioned articulated bodies
with no architectural change. The blending variant shows the
same backbone spanning the rigid-to-soft range: the token
carries the interaction prior, and the per-unit projection picks
the deformation model, so shells, soft bodies, and fragmentation
reuse the rigid contact machinery.

Limitations and future work. The current results come
with four caveats. The input features include per-vertex physics
parameters (mass, friction, restitution): setting them is how
material behavior is specified, but they come from the simulator,
and a real system rarely knows them; inferring them from
observed motion is open. Beyond the articulated command
channel, the model is a passive predictor of scene evolution,
not yet conditioned on applied robot actions. The projection
guarantees per-unit rigidity, so no prediction can deform an
object, but inter-unit penetration is not excluded and should
be measured. And every evaluation here is in simulation: we
have not run the model on real captures, nor compared against
analytic engines such as MuJoCo [20], so how far it carries
across the sim-to-real gap is untested. Beyond these lie a
joint-aware objective, a quantitative deformable benchmark,
robustness to unknown part segmentation (per-unit membership
is currently given), and action-conditioned rollouts scored by
control success rather than open-loop RMSE.
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